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A biodiversidade é determinada por uma miríade de processos complexos que 
actuam a escalas diferentes. Face às actuais taxas de perda e alteração da 
biodiversidade, é vital melhorar a nossa compreensão da estrutura subjacente 
das comunidades ecológicas. Esta tese focou-se na análise de Species 
Abundance Distributions (SAD; Distribuição das abundâncias relativas das 
espécies), enquanto medida sintética de biodiversidade e da estrutura das 
comunidades, e de padrões de Beta (β) diversidade, enquanto medida de 
descrição da variação espacial na composição específica das comunidades. Os 
efeitos de escala nestes dois padrões de biodiversidade foram sistematicamente 
avaliados, analisando uma grande variedade de comunidades, incluindo 
diferentes taxa e habitats, dos reinos terrestre, marinho e água doce. O 
conhecimento sobre as propriedades de escala dos padrões de abundância e 
de composição específica das comunidades deve ser totalmente integrado na 
investigação da biodiversidade, no sentido de a podermos compreender melhor, 
bem como aos processos que a sustentam, desde escalas locais à escala 
global. 
 
As SADs descrevem a abundância relativa das espécies presentes numa 
comunidade. Apesar de serem tipicamente descritas por distribuições 
unimodais, como a logseries ou a lognormal, SADs empíricas podem também 
exibir várias modas. No entanto, a existência de múltiplas modas em SADs tem 
sido largamente ignorada, sendo normalmente assumida como um padrão raro 
ou atribuído a erros de amostragem. Desta forma, a frequência de 
multimodalidade em SADs é desconhecida, bem como os factores que podem 
levar à sua ocorrência. Nesta análise, efectuei a primeira avaliação empírica 
global da frequência de multimodalidade, analisando várias comunidades de 
differentes taxa, habitats e extensões espaciais. Usando um método melhorado 
que combina dois critérios de selecção de modelos, estimei 
(conservadoramente) que cerca de 15% das comunidades analisadas eram 
multimodais com grande suporte. Além disso, demonstrei que a multimodalidade 
é mais comum em comunidades com maior extensão espacial e com maior 
diversidade taxonómica (isto é, comunidades filogeneticamente mais diversas, 
uma vez que a diversidade taxonómica foi medida como o número de famílias). 
Estes resultados sugerem uma ligação entre SADs multimodais e 
heterogeneidade ecológica, aqui amplamente definida para incorporar a 









Ainda não possuímos uma compreensão empírica de como a escala espacial 
afecta a forma das SADs. Nesta análise, estabeleci um gradiente de escala 
espacial abrangendo várias ordens de magnitude, começando por decompor a 
extensão espacial total de várias comunidades em secções menores. Este 
gradiente foi usado para realizar uma análise exploratória de como a forma das 
SADs é afectada pela área amostrada, riqueza específica, abundância total e 
diversidade taxonómica. Mudanças claras na forma das SADs podem fornecer 
informações sobre mecanismos ecológicos e espaciais relevantes que afectam 
a estrutura das comunidades. Esta análise demonstrou um efeito claro da área, 
riqueza específica e diversidade taxonómica na forma das SADs, enquanto que 
a abundância total não exibiu um efeito direccional. Estes resultados apoiam as 
conclusões da análise anterior, mostrando uma maior prevalência de SADs 
multimodais para áreas maiores e para comunidades mais diversas 
taxonomicamente. Adicionalmente, estes resultados sugerem que os padrões 
de agregação espacial das espécies influenciam a forma das SADs ao longo do 
gradiente espacial. Por outro lado, esta análise identificou diferenças 
sistemáticas relativamente às previsões de duas importantes teorias 
macroecológicas para as SAD a escalas diferentes, especificamente o facto de 
a logseries apenas ter sido seleccionada para escalas menores e quando a 
riqueza específica e o número de famílias eram proporcionalmente muito 
menores do que para a extensão total. 
 
A β diversidade quantifica a variação na composição específica entre locais. 
Apesar de ser um componente fundamental da biodiversidade, conhecimento 
sobre a variação das suas propriedades com a escala espacial ainda é escasso. 
Nesta análise, testei se dois tipos conceptuais de β diversidade apresentam 
variação sistemática com a escala, considerando também explicitamente os dois 
componentes de β diversidade: turnover e nestedness (aninhamento) – 
substituição de espécies vs diferenças na riqueza específica entre locais, 
respectivamente. Efectuei a primeira análise empírica de padrões de escala de 
β diversidade para diferentes taxa, revelando que as curvas de escala são 
notavelmente consistentes para as comunidades analisadas. A β diversidade 
total e a componente de turnover exibem um declínio segundo uma power law 
com o logaritmo da área, enquanto a componente de nestedness é basicamente 
insensível às mudanças de escala. Relativamente à análise do declínio da 
similaridade com a distância geográfica, enquanto a área amostrada afectou 
significativamente os valores de dissimilaridade total, as taxas de mudança na 
similaridade foram consistentes para grandes variações entre áreas 
amostradas. Finalmente, em ambas as análises, o turnover foi o principal 
contribuinte para as diferenças composicionais. Estes resultados sugerem que 
as espécies estão espacialmente agregadas ao longo das escalas espaciais 
analisadas (de locais a regionais). Adicionalmente, os resultados ilustram que 
mudanças substanciais na estrutura das comunidades podem ocorrer, apesar 
de a riqueza específica permanecer relativamente estável. 
 
A análise sistemática e abrangente de SADs e de padrões de similaridade nesta 
tese identificou a escala espacial, a heterogeneidade ecológica e padrões de 
agregação espacial das espécies como componentes críticos subjacentes aos 
resultados encontrados. Esta investigação expandiu as escalas às quais tanto 
teorias que derivam SAD, como estudos de similaridade têm sido desenvolvidos 
e testados (desde plots locais a continentes). Estes resultados identificaram 
claros desvios face a duas importantes teorias macroecológicas para SAD a 
diferentes escalas. Adicionalmente, os resultados gerais desta tese indicam 
claramente que teorias unificadas da biodiversidade (ou assumindo um conjunto 
mínimo de pressupostos sintéticos) não são capazes de, por um lado, acomodar 
a variabilidade na forma das SADs a escalas espaciais diferentes aqui 
reportada, e, por outro lado, reproduzir totalmente os padrões de similaridade a 
todas as escalas espaciais. A incorporação de pressupostos mais realistas, ou 
a imposição de pressupostos dependentes da escala, pode revelar-se uma linha 
de investigação produtiva para as propriedades de escala das SADs e de 
padrões de similaridade, permitindo derivar novas previsões e melhorar a 
capacidade dos modelos teóricos em incorporar a variabilidade nos padrões de 
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Biodiversity is determined by a myriad of complex processes acting at different 
scales. Given the current rates of biodiversity loss and change, it is of paramount 
importance that we improve our understanding of the underlying structure of 
ecological communities. In this thesis, I focused on Species Abundance 
Distributions (SAD), as a synthetic measure of biodiversity and community 
structure, and on Beta (β) diversity patterns, as a description of the spatial 
variation of species composition. I systematically assessed the effect of scale on 
both these patterns, analysing a broad range of community data, including 
different taxa and habitats, from the terrestrial, marine and freshwater realms. 
Knowledge of the scaling properties of abundance and compositional patterns 
must be fully integrated in biodiversity research if we are to understand 
biodiversity and the processes underpinning it, from local to global scales. 
 
SADs depict the relative abundance of the species present in a community. 
Although typically described by unimodal logseries or lognormal distributions, 
empirical SADs can also exhibit multiple modes. However, the existence of 
multiple modes in SADs has largely been overlooked, assumed to be due to 
sampling errors or a rare pattern. Thus, we do not know how prevalent 
multimodality is, nor do we have an understanding of the factors leading to this 
pattern. Here, I provided the first global empirical assessment of the prevalence 
of multimodality across a wide range of taxa, habitats and spatial extents. I 
employed an improved method combining two model selection tools, and 
(conservatively) estimated that ~15% of the communities were multimodal with 
strong support. Furthermore, I showed that the pattern is more common for 
communities at broader spatial scales and with greater taxonomic diversity (i.e. 
more phylogenetically diverse communities, since taxonomic diversity was 
measured as number of families). This suggests a link between multimodality 
and ecological heterogeneity, broadly defined to incorporate the spatial, 
environmental, taxonomic and functional variability of ecological systems. 
 
Empirical understanding of how spatial scale affects SAD shape is still lacking. 
Here, I established a gradient in spatial scale spanning several orders of 
magnitude by decomposing the total extent of several datasets into smaller 
subsets. I performed an exploratory analysis of how SAD shape is affected by 
area sampled, species richness, total abundance and taxonomic diversity. Clear 
shifts in SAD shape can provide information about relevant ecological and spatial 
mechanisms affecting community structure. There was a clear effect of area, 
species richness and taxonomic diversity in determining SAD shape, while total 




 supported the findings of the previous analysis, with a higher prevalence of 
multimodal SADs for larger areas and for more taxonomically diverse 
communities, while also suggesting that species spatial aggregation patterns can 
be linked to SAD shape. On the other hand, there was a systematic departure 
from the predictions of two important macroecological theories for SAD across 
scales, specifically regarding logseries distributions being selected only for 
smaller scales and when species richness and number of families were 
proportionally much smaller than the total extent. 
 
β diversity quantifies the variation in species composition between sites. 
Although a fundamental component of biodiversity, its spatial scaling properties 
are still poorly understood. Here, I tested if two conceptual types of β diversity 
showed systematic variation with scale, while also explicitly accounting for the 
two β diversity components, turnover and nestedness (species replacement vs 
species richness differences). I provided the first empirical analysis of β diversity 
scaling patterns for different taxa, revealing remarkably consistent scaling 
curves. Total β diversity and turnover exhibit a power law decay with log area, 
while nestedness is largely insensitive to scale changes. For the distance decay 
of similarity analysis, while area sampled affected the overall dissimilarity values, 
rates of similarity were consistent across large variations in sampled area. 
Finally, in both these analyses, turnover was the main contributor to 
compositional change. These results suggest that species are spatially 
aggregated across spatial scales (from local to regional scales), while also 
illustrating that substantial change in community structure might occur, despite 
species richness remaining relatively stable. 
 
This systematic and comprehensive analysis of SAD and community similarity 
patterns highlighted spatial scale, ecological heterogeneity and species spatial 
aggregation patterns as critical components underlying the results found. This 
work expanded the range of scales at which both theories deriving SAD and 
community similarity studies have been developed and tested (from local plots 
to continents). The results here showed strong departures from two important 
macroecological theories for SAD at different scales. In addition, the overall 
findings in this thesis clearly indicate that unified theories of biodiversity (or 
assuming a set of synthetic minimal assumptions) are unable to accommodate 
the variability in SADs shape across spatial scales reported here, and cannot 
fully reproduce community similarity patterns across scales. Incorporating more 
realistic assumptions, or imposing scale dependent assumptions, may prove to 
be a fruitful avenue for ecological research regarding the scaling properties of 
SAD and community similarity patterns. This will allow deriving new predictions 
and improving the ability of theoretical models to incorporate the variability in 
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1. General Introduction 
 
1.1 Biodiversity patterns 
 
Biodiversity is a multifaceted concept, encompassing the diversity of life at different scales. The 
Convention for Biological Diversity (1992) defined "Biological Diversity" as “the variability among 
living organisms from all sources including, inter alia, terrestrial, marine and other aquatic 
ecosystems and the ecological complexes of which they are part; this includes diversity within 
species, between species and of ecosystems.” More concisely, biodiversity can be simply defined as 
“the variety and abundance of organisms in a given place and time” (Magurran, 2005a). 
Understanding the processes underpinning biodiversity has long been, and remains one of the 
fundamental goals of ecology (Hutchinson, 1959; MacArthur, 1972; Whittaker, 1972; Magurran, 
2004). Given current rates of biodiversity loss and of biodiversity change, and the extent of human 
impacts on global systems leading to the suggestion of defining a new geological age – the 
Anthropocene, there is an urgent need to better understand ecological systems, in order to best 
manage and conserve biodiversity (Butchart et al., 2010; Magurran & Dornelas, 2010; Pereira et al., 
2010, 2012). 
 
Ecological systems are extremely complex and dynamic, showing high variability in space and time. 
A community, defined as a set of species co-occurring in space and time (Fauth et al., 1996), appears 
to be a logical unit to address questions regarding spatial and temporal variation of biodiversity 
(Magurran, 2004). Information about community structure incorporates both the number of species 
present and their relative abundances, i.e. species richness and species evenness, respectively. A 
plethora of diversity indices to characterize the structure of communities exist, with the overall goal 
to summarize the ecological complexity into univariate metrics (Magurran, 2004). However, because 
different metrics differ in the weight placed on richness and evenness components, different 
“measurements” of biodiversity can be obtained (Magurran, 2004, 2005a). Alternatively, analysing 
the distribution of species abundances of the (sampled) community retains more detailed information, 
thus providing a more integrated assessment of community structure (Magurran, 2004; McGill et al., 
2007). On the other hand, some practical issues may arise with this community concept, as 




instance, the proportion of rare species will depend on the definition of a specific community, the 
size of the area sampled, and the period of time surveyed (Magurran, 2004, 2005b). In addition, 
patterns of species diversity will also strongly depend on the spatial structure of occurrence of the 
species present in a community. Finally, the interactions between local and regional processes (e.g. 
metacommunity dynamics – local communities connected via dispersal) are also determinant in 
shaping biodiversity patterns at different scales (Hubbell, 2001; Leibold et al., 2004; Ricklefs, 2008).  
 
Despite the incredible diversity of ecological systems, some ecological patterns are so pervasive they 
have become ecological laws. Species-Area Relationships (SAR), describing the increase in number 
of species with area sampled, Species Abundance Distributions (SAD), which describe the uneven 
distribution of individuals among species, and the distance decay of compositional similarity between 
communities are among the most studied patterns in ecology, given their potential insights into 
community structure and patterns of diversity (Williams, 1943; Preston, 1948; MacArthur, 1972; 
Rosenzweig, 1995; Nekola & White, 1999; Hubbell, 2001; McGill et al., 2007). Such general 
patterns support the idea that basic processes structuring ecological communities underpin these 
large-scale emergent patterns. Macroecology searches for general ecological patterns and processes 
at large spatial and temporal scales and across taxonomic groups. Macroecological research stems 
from recognizing that, on one hand, local processes alone are not able to fully explain the patterns of 
abundance and distribution of species, and that on the other hand, processes operating at larger scales 





1.2 Matters of scale 
 
Both biodiversity patterns and the mechanisms driving them are inherently scale dependent (Wiens, 
1989; Levin, 1992; Rosenzweig, 1995; Leibold et al., 2004; McGill et al., 2015). Different processes 
determine the distribution and abundance of species, and act upon ecological communities differently 
at different scales (MacArthur, 1972; Ricklefs, 1987; McGill, 2010a). Climate underpins the 
distribution of species on global to biogeographic realms scales, while both dispersal limitation and 
local environmental conditions determine which species can reach and establish in some areas, while 
others cannot. Species interactions, such as competition and predation act on a finer scale, with 
demographic implications for local populations (McGill, 2010a). As a consequence of these factors, 
representing both dispersal and niche processes, there is striking variation of community composition 
across space and time (MacArthur, 1972; Rosenzweig, 1995). Moreover, the anthropogenic drivers 
of biodiversity change are also scale dependent (Halpern et al., 2015; Venter et al., 2016). 
 
There is no single adequate scale at which to describe ecological systems, thus being able to translate 
information from local to larger scales is one of the most relevant questions in ecology (Levin, 1992). 
Additionally, different organisms perceive scale differently, and the two components of scale, extent 
and grain, should be referenced to specific taxa (Wiens, 1989; Levin, 1992). It has long been 
recognized that the scale of observation affects biodiversity patterns, and should be taken into 
consideration when drawing conclusions about the underpinning processes that might explain the 
observed patterns. On the same vein, the fact that there are mismatches in some biodiversity patterns 
and trends can be attributed to scale (Wiens, 1989; Sax & Gaines, 2003; Pereira et al., 2012; McGill 
et al., 2015). Scaling rules provide one possible framework to describe and synthesize the patterns 
of species abundance and distribution in space, time and taxonomic groups. The pursuit of scaling 
relationships is central for ecological research, and can also be a useful approach to infer diversity 
patterns for scales or areas for which no data was collected or no information is available (e.g. using 
SARs for estimating species richness at larger areas, or species loss under habitat loss). There is a 
longstanding and ongoing endeavour to understand the scaling properties of biodiversity patterns 
(Wiens, 1989; Levin, 1992, 2000; Rosenzweig, 1995; White, 2007; Borda-de-Água et al., 2012; 
Barton et al., 2013). Numerous studies have been devoted to the scaling properties of species 
richness, with a thriphasic SAR emerging across scales (Williams, 1943; Rosenzweig, 1995; Harte 
et al., 2009; Storch et al., 2012). Species abundance distributions research has also been rooted in 




understanding of what factors determine SAD shape, and we lack empirical understanding of how 
SAD shape changes with scale. Finally, less attention has been dedicated to the scaling properties of 
compositional similarity metrics (or Beta (β) diversity), with a lack of both theoretical predictions 
and a general framework for describing its spatial scaling patterns (Koleff et al., 2003; Gaston et al., 
2007; Barton et al., 2013).  
 
An integrative approach analysing different biodiversity patterns, across spatial scales and for 
different ecological communities, would provide more detailed information, on one hand, while 
assessing the generality of the findings on the other, thus allowing a better understanding of the 
mechanisms shaping biodiversity patterns. In this thesis, I analysed a broad range of communities, 
including different taxa and habitats, from the terrestrial, marine and freshwater realms, with an 
emphasis on the spatial and organizational scales suggested to underpin the variability of ecological 
patterns (Levin, 1992). I focused on Species Abundance Distributions, as a synthetic measure of 
biodiversity and community structure, and on β diversity patterns as a description of the spatial 






1.3 Species Abundance Distributions 
 
One of the most fundamental patterns of species diversity is the uneven relative abundance of species 
(Fisher et al., 1943; Preston, 1948; Magurran, 2004; McGill et al., 2007). Species abundance 
distributions (SAD) describe the commonness and rarity of species in ecological communities and 
represent one of ecology’s universal laws: most species in a community are rare, only a few are 
common. Plotted as a histogram of the number of species vs. number of individuals every community 
yields a characteristic and ubiquitous ‘hollow curve’ (McGill et al., 2007). Empirical datasets 
consistently produce species abundance distributions that are hyperbolic on arithmetic scale and 
modal on a log-abundance scale. SADs are an important synthetic measure of biodiversity and 
community structure, being more informative than univariate indexes of diversity, and enabling 
comparisons of communities without species in common (Magurran, 2004; McGill et al., 2007). 
 
On a log-abundance scale, empirical SADs generally exhibit “logseries-like” or “lognormal-like” 
shapes. Hence, these classical distributions have been central to species abundance modelling 
(Magurran, 2004; McGill et al., 2007). The two distributions differ especially in the proportion of 
rare species: high for the logseries, with a mode occurring for the singletons species (Fisher et al., 
1943), and lower for the lognormal, with a mode for species with intermediate abundances (Preston, 
1948). Fisher et al.’s (1943) logseries is one of the first attempts to describe the relationship between 
the number of species and the respective number of individuals mathematically. The lognormal 
distribution was proposed by Preston (1948) and has been particularly prominent as a SAD model. 
Preston plotted species abundances in a log2 scale, conveying the intuitive approach of doubling 
classes of abundance that he called ‘octaves’. May (1975) proposed the lognormal distribution as a 
statistical expectation of the central limit theorem, i.e. SADs result from a random multiplicative 
process acting on species abundances. Although it was at first a statistical-based model, it has since 
been attributed biological explanations, particularly related to niche apportionment models 
(Magurran, 2004). Sugihara (1980) suggested that the lognormal is a consequence of species within 
a community sequentially dividing niche space, and later, Engen & Lande (1996) derived the 
lognormal distribution by modelling stochastic heterogeneous population dynamics. 
 
SADs have played a major role in the development of theories of biodiversity and biogeography 




explanation for the observed patterns in species abundance distributions (Hutchinson, 1959; 
MacArthur, 1960; Sugihara, 1980; Tokeshi, 1990). It is assumed that the abundance of a species 
somehow reflects its ability to compete for limited resources. Based on this assumption, SADs help 
to understand the common processes that determine the structure of communities. For almost a 
century, a series of species abundance models have been proposed trying to explain the universal 
SAD hollow curve (see McGill et al. 2007 for an extensive list): statistical models like the geometric 
series (Motomura, 1932), the logarithmic series (Fisher et al., 1943) and the lognormal distribution 
(Preston, 1948); niche partitioning models, such as MacArthur’s broken-stick model (1957), 
Sugihara breakage model (1980) and several models from Tokeshi (1990, 1993, 1996, 1999); spatial 
distribution models, such as fractal distribution (Harte et al., 1999), multifractal (Borda-de-Água et 
al., 2002) or continuum theory (McGill & Collins, 2003); and neutral models proposed by Caswell 
(1976), Bell (2000, 2001) and Hubbell (2001). All the models are linked, at least to some degree, 
with ecological mechanisms, or later gained some biological meaning (Magurran, 2004). More 
recently, constraint-based models, as opposed to process-based models, have also been proposed 
(Pueyo et al., 2007; Harte et al., 2008). SADs have played a pivotal role in niche vs neutral 
explanations for the maintenance of biodiversity (Bell 2001, Enquist et al. 2002, Hubbell 2001, 
McGill 2003b, Volkov et al. 2003, Dornelas et al. 2006, Volkov et al. 2007), with the same datasets 
sometimes being used as empirical support for and against each model (McGill et al., 2006), as 
comparisons were often made based on visually inspections or on poor statistical tests (McGill, 
2003a; McGill et al., 2006). On the other hand, a good fit is not, by itself, a strong test of mechanism 
– pattern does not equal process (McGill, 2003a; Magurran, 2005b). 
 
Comparing the fit of alternative models has been a common approach to try to reveal the processes 
shaping the SAD (McGill, 2003a; McGill et al., 2007). The rationale of investigation was to compare 
empirical patterns of species abundance to theoretical abundance models, with the aim of revealing 
how the properties of the ecological communities are reflected in the shape of the SAD. However, 
as more than one mechanism can produce the same pattern (Pielou, 1975; McGill, 2003a; Pueyo et 
al., 2007), the fit of a model cannot unambiguously provide support for a given theory. As many of 
the theory testing focused solely on replicating the empirical distribution, this proliferation of models 
has not led to consensus or to the rejection of (almost) any theory (McGill, 2003a; McGill et al., 
2007). With the development of better statistical and methodological tools for model formulation, 
model fitting, goodness-of-fit testing and model selection, which increased the ability to perform a 
robust evaluation and selection of competing models and to make distinct and testable predictions, 




2003a; McGill et al., 2007; Connolly & Dornelas, 2011). Nonetheless, different measures of 
goodness-of-fit emphasize different aspects of model fitting and may give diverse ‘responses’ 
(McGill, 2003a; Magurran, 2005b). A systematic assessment of the ability of different model 
selection tools to differentiate among SAD models is still lacking. Such assessment, coupled with a 
model comparison framework, can help provide a more rigorous assessment of SAD studies. 
 
SAD shape is highly sensitive to sampling effort (Fisher et al., 1943; Preston, 1948). Particularly in 
the case of small samples, many empirical SADs are described equally well by logseries and 
lognormal distributions, making it hard to distinguish between the two models. Preston (1948) 
proposed a “veil line” to explain that since the rarest species are not observed with small samples, 
the left end of the distribution would be truncated, resembling a logseries, and only as the sampling 
effort increased would the “true” lognormal distribution be progressively unveiled. However, as 
demonstrated by Pielou (1977) and McGill (2003c), unveiling does not simply reveal the left-end of 
the distribution, but the shape of the distribution can also change. Furthermore, while the majority of 
intensely sampled communities seem to follow a lognormal SAD (Magurran, 2004), evidence that 
large samples frequently deviate from a symmetrical lognormal SAD has been reported, namely more 
rare species than predicted by a lognormal (Hubbell, 2001; Magurran & Henderson, 2003; McGill, 
2003c), and the appearance of more than one modal class of abundance (Ugland & Gray, 1982; Gray 
et al., 2005; Dornelas & Connolly, 2008). Broadly, these deviations from a lognormal distribution 
may be caused by heterogeneity within the communities. Deconstructing SADs into different 
ecological guilds can be an approach to identify different processes determining the assembly of each 
particular guild (Magurran & Henderson, 2003; Marquet et al., 2004; Alonso et al., 2008; Dornelas 
& Connolly, 2008). The variability in SADs shape when plotted on a logarithmic scale raises the 
question of it being caused by stochastic variation, sampling effects or genuine differences in the 
abundance of the underlying communities (McGill et al., 2007; Connolly & Dornelas, 2011). In this 
thesis, I provide the first global empirical assessment of multimodality in SADs across taxa, habitats 
and spatial extents, and show the pattern is related to the spatial scale and taxonomic diversity of the 
underlying communities. I also provide a systematic evaluation of change in SAD shape across a 






1.4 Compositional similarity (β diversity) 
 
Biodiversity changes across space and time. While α diversity represents the diversity within a single 
site, β diversity quantifies the variation in species composition between assemblages or sites within 
a landscape (Whittaker, 1960). α and β jointly describe the overall diversity among all the sites in a 
landscape or region, i.e. γ diversity (Whittaker, 1960; Magurran, 2004). Compositional differences 
between sites or communities (or times) can reflect both niche processes, such as species’ adaptations 
to different climates or habitats, as well as species dispersal limitations. 
 
As with α diversity, a myriad of metrics to measure β diversity exist (Tuomisto, 2010a,b; Anderson 
et al., 2011). Measures of compositional similarity can be calculated using incidence or abundance 
data, and range from 0 to 1, with 0 representing assemblages with no species in common, and 1 
representing identical composition. Most similarity metrics also exist as distances. Loosely speaking, 
compositional differentiation is the opposite of community similarity (0 for identical composition, 
and 1 for no shared species, or complete turnover). All the metrics attempt to quantify the 
compositional differences among sites, and similarity should decrease as the distance between sites 
increases, and as the size of the areas sampled decreases (Harte & Kinzig, 1997; Nekola & White, 
1999). The measurement of β diversity is also affected by the spatial scale of observation in terms of 
grain and extent (Wiens, 1989; Nekola & White, 1999; Keil et al., 2012; Steinbauer et al., 2012; 
Barton et al., 2013). Although there has been a recent growing interest in β diversity studies (Gaston 
et al., 2007; Anderson et al., 2011), its scaling properties are still poorly understood, and there is no 
general framework for describing the spatial scaling properties of β diversity (Barton et al., 2013). 
 
β diversity, defined as compositional heterogeneity among sites, can be associated with different 
concepts and reflect different aspects of compositional similarity (Koleff et al., 2003; Baselga, 2010; 
Tuomisto, 2010a; Anderson et al., 2011). On one hand, two conceptual types of β diversity can be 
defined: directional variation along a gradient and non-directional variation (Anderson et al., 2011). 
In the first type, β diversity represents differences in composition between sampling units along a 
spatial, temporal or environmental gradient. It can be quantified as the rate of compositional change, 
e.g. the distance decay of similarity (DDS), one of the most widely used descriptions of spatial 
compositional variation. DDS describes how species composition between two sites varies with the 




usually analysed by regressing pairwise measures of similarity between sites against pairwise 
distances, where the slope represents the relative change in compositional similarity through 
geographic space (Nekola & White, 1999). Comparisons using pairwise dissimilarity between sites 
represent the inverse of DDS. 
 
The second conceptual type of β diversity quantifies non-directional variation in community 
composition among a set of sample units within a given spatial (or temporal) extent (Anderson et al., 
2011). Multiple-site measures have been developed to quantify the overall heterogeneity among sites, 
providing a more adequate assessment of compositional similarity than averaging pairwise 
comparisons when the number of sites >2 (Baselga et al., 2007; Diserud & Ødegaard, 2007; Baselga, 
2013). Because this approach is non-directional, it can provide information about variation in species 
composition among sites at different spatial scales. One further approach is to use the slope of 
Species-Area Relationships (SAR) as a measurement of species spatial turnover (Harte & Kinzig, 
1997); however this is only applicable for the spatial scales at which the SAR follows a power law, 
and only accounts for species being added as area increases (Harte et al., 1999; Lennon et al., 2001; 
McGlinn & Hurlbert, 2012). SARs are a universal macroecological pattern, showing systematic 
variation with scale: a triphasic curve on a log-log scale, with steeper increases in species richness at 
both small and large spatial scales (Williams, 1943; Rosenzweig, 1995; Storch et al., 2012).  
 
In addition, compositional differences between sites can originate from two different processes, and 
hence β diversity can be partitioned into two components, turnover and nestedness. This important 
aspect of β diversity has been recognized before (Harrison et al., 1992; Lennon et al., 2001; Koleff 
et al., 2003), and has seen recent developments. Specifically, Baselga (2010) provides a partition 
framework than separates the two components for the two abovementioned types of β diversity. The 
turnover component represents the replacement of species between sites, whereas the nestedness-
resultant component occurs due to changes in species richness between sites – the sites with fewer 
species are strict subsets of richer sites (Harrison et al., 1992; Koleff et al., 2003; Baselga, 2010). 
The two components are generated by fundamentally different processes, therefore quantifying their 
contribution across spatial scales can provide insights into the mechanisms underlying β diversity 
(Baselga, 2010; Svenning et al., 2011). This can prove to be particularly relevant to understand the 






Here, I assessed if there is systematic variation of β diversity with scale, analysing both directional 
and non-directional types of β diversity. I provide the first attempt at building empirical β diversity 
scaling curves for different taxa, and consistently assess the behaviour of DDS across a scale gradient 
spanning several orders of magnitude, while partitioning both types of β diversity into the turnover 




1.5 Thesis overview 
 
This thesis aimed to systematically analyse biodiversity patterns, namely SADs and community 
similarity metrics, across scales and over a wide range of communities from different ecosystems, 
with the aim of synthesizing observed patterns and inform on general principles affecting community 
structure. In Chapter 2, I describe the collection of available datasets of community abundance data 
from online repositories, and how a subset of the data I collected was further incorporated into a 
larger database of biodiversity time-series (BioTIME, ERC Funded Project). 
 
In Chapters 3 and 4, I describe the analyses of multimodality in Species Abundance Distributions. 
Chapter 3 describes a simulation study to assess and improve the model selection method for 
detecting multimodality. Chapter 4 describes the application of this improved method to 117 
empirical datasets. This investigation detected multimodality with strong support in ~15% of the 
SADs analysed, and also showed that multimodality is linked to the spatial scale and the taxonomic 
diversity of the underlying communities. 
 
Chapter 5 describes the analyses of Species Abundance Distributions across a gradient in spatial 
scale for a smaller number of communities. I undertook an exploratory analysis of how the shape of 
SADs is affected by area sampled, taxonomic diversity, species richness and total abundance. This 
analysis showed that multimodality is indeed reflecting the structure of large scale and taxonomic 
diverse communities, with area, species richness and number of families strongly affecting SAD 
shape, while total abundance did not exhibit any directional effect. Moreover, it illustrated strong 
departures from the predictions of two macroecological theories for SAD across scales. 
 
In Chapter 6, I describe the analyses of community similarity patterns across the scale gradient 
implemented in Chapter 5. This investigation showed remarkable consistency of β diversity scaling 
curves across the communities analysed. Furthermore, and for both types of β diversity analysed, 
turnover was the main driver of compositional change. The thesis concludes with a general discussion 






2. Collecting Data 
 
This chapter describes the search and collection of available public datasets of community 
abundance. I will first describe the collection of data for carrying the analysis on the prevalence of 
multimodality in Species Abundance Distributions (Chapters 3 and 4). Secondly, I will describe how 
a subset of these data was incorporated into a larger database of biodiversity time-series. 
 
Data for the Multimodality analysis 
117 datasets from intensely sampled communities were collected from 3 online repositories: OBIS 
(Ocean Biogeographic Information System, http://www.iobis.org/), Ecological Data Wiki 
(http://ecologicaldata.org/) and GBIF (Global Biodiversity Information Facility, 
http://www.gbif.org/). These repositories hold worldwide and freely available datasets. 
 
Datasets were selected according to the following criteria: 1) data consisted of samples or census of 
entire communities (sensu lato), i.e. did not exclude some taxa intentionally; 2) with a minimum of 
10 species; 3) data consisted of numeric abundance (number of individuals or density), holding more 
than 10,000 records, and thus yielded more than 10,000 individuals; this was intended to minimize 
under-sampling effects; and 4) the large majority of records were identified to species level. This 
type of dataset ‘scanning’ was performed in order to retrieve the largest number of suitable available 
datasets, and any taxonomic or geographical bias is due to data availability. This strict set of criteria 
for selecting suitable datasets was intended mainly to avoid taxonomic resolution issues and the 
caveats of under-sampled communities, for which the rarest species are not represented. This is 
particularly important as alternative distributions proposed to describe species abundance 
distributions differ especially in the proportion of rare species, and hence are extremely difficult to 
distinguish for ‘veiled’ distributions (Magurran, 2004). Furthermore only communities with more 
than 10 species were selected due to the difficulty in constructing SADs with fewer species (McGill 
et al., 2007; McGill, 2011). 
 
Datasets were checked for duplicates, species with zero abundance and for non-organismal records, 




manipulation, only control data were used in the analyses. Taxonomic checks were also carried out, 
mainly to identify typos and misspellings in species names, and to standardise notation for records 
identified as morphospecies or higher taxonomic levels – the majority of datasets contain some 
records corresponding to taxa other than species and/or unidentified records. Datasets were discarded 
whenever they were restricted, they seemed to be incomplete (e.g. less records than stated by 
provider) or did not contain abundance data, the records did not match the type of sampling or method 
description. 
 
Overall, the datasets selected cover a wide range of taxa, habitats and temporal and spatial extents 
(unique sample event to several years, and plots to continents). The datasets comprise data from 
Marine, Terrestrial and Freshwater realms (see Fig. 4.1 for a map of the datasets location), including 
plankton, fish, invertebrates, birds, grasses and trees, and range from tropical forests, temperate lakes 
to marine benthos. The complete list of the datasets and data sources can be found in Appendices I 
and II, along with a full list of acknowledgements regarding the use of these data. 
 
 
Integration with the BioTIME database 
From the 117 datasets selected according to the specific abovementioned criteria, I was able to 
identify 44 datasets that also met the BioTIME project criteria for inclusion, namely the ones 
including a temporal axis. Specifically, all the datasets that were consistently sampled for a minimum 
of two years and for which it was possible to identify independent sampling events were incorporated 
into the BioTIME database. In addition, I searched for more datasets that would meet the BioTIME 
selection criteria, and was able to contribute 46 additional datasets. Efforts for data collection for 
BioTIME were undertaken by several people involved in the project independently of my 
contribution. However, the addition of 90 datasets to this endeavour from my part led to a significant 
growth of the BioTIME database (Fig. 2.1). In total, BioTIME currently holds 384 studies, containing 
over 12 million records from more than 600 thousand distinct geographic locations, and includes 
more than 43 thousand species. For the other analyses included in this thesis, appropriate datasets 



















































Note: A static release of the BioTIME database is in press in the form of a peer-reviewed article: 
BioTIME: a database of biodiversity time series for the Anthropocene. Maria Dornelas, Laura 
H. Antão, Faye Moyes, Amanda E. Bates, Anne E. Magurran, et al. (200+ authors) (Global Ecology 
and Biogeography). 
 





3. Multimodality in Species Abundance Distributions – improving the 
detection method 
 
Note: The work and results presented in Chapters 3 and 4 were published in the form of a peer-
reviewed article: Prevalence of multimodal species abundance distributions is linked to spatial 
and taxonomic breadth (2017). Laura H. Antão, Sean R. Connolly, Anne E. Magurran, Amadeu 






Explaining the patterns of commonness and rarity of species is fundamental for understating how 
ecological communities are structured and maintained. Species Abundance Distributions (SADs) 
depict the relative abundance of the species present in a community and describe one of the most 
fundamental patterns of species diversity – most communities contain many rare and only a few 
common species (McGill et al., 2007). Empirical datasets consistently produce species abundance 
distributions that are quasi-hyperbolic on an arithmetic scale – the ubiquitous ‘hollow curve’. 
However, on a logarithmic scale of abundance, SADs exhibit more variability, with species 
abundance distributions alternately exhibiting no internal mode - most species occur at the lowest 
abundance class (i.e. as singletons), one internal mode, or multiple internal modes. Despite several 
decades of study with dozens of different models proposed to explain SADs (McGill et al., 2007), 
there is still no consensus about what drives variation in SADs shape, nor how it might be connected 
to factors structuring ecological communities (Fisher et al., 1943; Preston, 1948; Magurran & 
Henderson, 2003; McGill, 2003c; Green & Plotkin, 2007; Dornelas et al., 2009). The extent to which 
current biodiversity theories are able to accommodate and explain such variation in SAD shape is a 
critical criterion to their evaluation and application (McGill et al., 2007). 
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The two distributions recurrently proposed to describe SADs are the logseries (Fisher et al., 1943) 
and the lognormal (Preston, 1948) (Fig. 3.1). While many intensely sampled communities seem to 
follow a lognormal distribution (Magurran, 2004), it has become increasingly clear that empirical 
SADs often deviate from a lognormal by having more than one internal mode (Ugland & Gray, 1982; 
Gray et al., 2005; Dornelas & Connolly, 2008). Multimodality is seldom reported and its implications 
little explored (McGill et al., 2007), with some notable, but dispersed, exceptions. Ugland & Gray 
(1982) proposed three lognormal distributions, corresponding to rare, intermediate abundant and 
common species, to describe non-equilibrium marine benthic communities. Magurran & Henderson 
(2003) ‘deconstructed’ an estuarine fish community into two groups - ‘core’ and ‘occasional’, based 
on species persistence and habitat preferences, where the first group was better fit by a lognormal, 
while the ‘occasional’ group of rare species followed a logseries distribution. Gray et al. (2005) 
showed that a mixture of two lognormal distributions provided a good fit to a marine benthos and a 
tropical tree data, again separating the species into ‘abundant’ and ‘rare’. 
 
In the first statistical analysis comparing the fit of distributions with varying numbers of modes, 
Dornelas & Connolly (2008) showed that the SAD of an intensely sampled coral community was 
multimodal. However, the different modes could not be explained by a mixture of species associated 
with different habitats, and were only partially explained by different spatial aggregation. Recently, 
Matthews et al. (2014), using the same methodology for an arthropod community, showed that 
multimodal distributions performed better for many of the samples analysed, and that grouping 
ecologically different species leads to multimodality, with the rarest species mode containing a 
higher proportion of satellite, introduced and species better adapted to other habitats. However, the 
effect of dispersal ability was unclear, and a body size niche axis was unrelated to the multimodal 
patterns. The commonality among these studies is that they indicate that multimodality is linked to 
ecological heterogeneity, broadly defined as groups of species with different ecological or functional 
characteristics. This suggests that multimodality should have higher prevalence among communities 
with higher ecological heterogeneity. The concept of ecological heterogeneity proposed here is 
deliberately broad, and is intended to incorporate the spatial, environmental, taxonomic and 
functional aspects of ecological systems, rather than simply accounting for the number of species or 
of functional groups. 
 
The prevalence of multimodality in empirical SADs is as yet unknown. In a recent theoretical study, 
Barabás et al. (2013) reported that stochastic versions of both resource partitioning and neutral 
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models can produce multimodal SADs with a 50% prevalence. The authors argue that in nature, 
individual realizations are likely to differ from the mean predicted pattern due to stochastic processes. 
On the other hand, the authors also disputed that the Emergent Neutrality model proposed by 
Vergnon et al. (2012) is the only theoretical model able to produce multimodal SADs. Apart from 
the Emergent Neutrality Theory, no other theoretical framework predicts that SADs can exhibit 
multiple models. Also, other that the abovementioned studies that specifically tried to address 
multiple modes, multimodality is usually overlooked, assumed to be due to sampling errors or a rare 
pattern. Thus, assessing the prevalence of multimodality in empirical datasets is warranted to 
establish the generality of the pattern, as well as help elucidate how it can be related to different 
ecological explanations. 
 
The main goals of this analysis were: 1) to improve the method of multimodality detection, to be able 
to confidently detect multiple modes in empirical SADs; 2) to undertake a global empirical 
assessment of the prevalence of multimodality for a wide range of communities. This represented 
the first assessment of the prevalence of multiple modes in SADs; and 3) to test the hypothesis that 
more heterogeneous communities are more likely to exhibit multimodality.  





3.2.1 Multimodal functions 
For the lognormal distribution, assuming a Poisson random sampling process from the real 
community and independence of species’ abundances, the log-likelihood function commonly used is 
the ‘zero-truncated’ form. This conditions the probability of a species having abundance r on the 
species being present in the sample (Connolly & Dornelas, 2011; Connolly & Thibaut, 2012). The 
probability distribution for a mixture of g PLNs (Φg) was calculated as: 
Φg (r) = ∑  

  ρn . ɸn (r) 
where r is each abundance value, ρn is the proportion of species belonging to each distribution n, and 
∑  

 ρn = 1. 
 
The logseries distribution has only one parameter (α), while 1PLN has two (μ and σ - the mean 
and standard deviation of log abundances), 2PLN has five parameters (μ1, μ2, σ1, σ2 and ρ - the mean 
and standard deviation of log abundances of each distribution in the mixture, and ρ - the probability 
of a species belonging to the first distribution), and 3PLN has eight parameters (μ1, μ2, μ3, σ1, σ2, σ3, 
ρ1 and ρ2 - the mean and standard deviation of log abundances of each distribution in the mixture, ρ1 































Figure 3.1 Examples of random sampled communities for a logseries, a single lognormal Poisson 
(1PLN), and mixtures of two and three lognormal Poisson distributions (2PLN and 3PLN, 
respectively). For the logseries distribution, the single parameter is Fisher's α. For the PLN models, 
μ and σ are the mean and standard deviation of log-abundance for one of the underlying lognormal 
community abundance distributions (one pair of parameters for each mode), and ρn is the probability 
that a species comes from distribution n. The parameters used to generate the random sampled 
abundance data for each model are shown, and the species pool size was S = 100 (the code to generate 
the 2PLN example can be found in Appendix IV). 
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3.2.2 Model Selection 
To test whether models with more than one mode accurately reflect the abundance distributions of 
the underlying communities maximum likelihood methods were used to explicitly compare the fit of 
mixtures of 1, 2 and 3 Poisson Lognormal distributions (1PLN, 2PLN and 3PLN, respectively) 
(Pielou, 1969; Bulmer, 1974); a logseries distribution was also included (Fig. 3.1). All the 
calculations were performed in the software R (R Core Team, 2017). Functions to fit the PLN 
mixtures and to calculate maximum likelihood estimates (MLE) were adapted from Dornelas & 
Connolly (2008) but using the dpoilog() function from poilog package (Grøtan & Engen, 2008); the 
log-likelihood functions are otherwise similar and best fit parameters were found by minimizing the 
negative log-likelihood. These functions are available in Appendix III. Parameter estimation was 
performed using the R optimization routine nlminb and parameter searches were initialized from 
multiple starting points due to the possibility of several local maxima for more complex distributions 
(Dornelas & Connolly, 2008; Connolly & Dornelas, 2011). 
 
Model comparison was performed under a multi-model information-theoretic framework (Burnham 
& Anderson, 2002), using the second order Akaike’s information criterion for small sample sizes 
(AICc, Burnham & Anderson, 2002) and Bayesian information criterion (BIC, Schwarz 1978). AICc 
was used throughout as it converges to AIC when sample size is large (Burnham & Anderson, 2002, 
2004). AIC and BIC are model selection tools that provide quantitative relative support for alternative 
hypotheses, while finding a compromise between goodness of fit and model complexity. AIC tends 
to overestimate the number of distributions in mixture models, while BIC tends to underestimate 
them (McLachlan & Peel, 2000; Henson et al., 2007). Hence, the performance of these two model 
selection criteria was evaluated with a simulation study (see section 3.2.3). 
 
Model performance was evaluated in slightly different ways in the empirical and simulation studies. 
For the analysis of the empirical data (Chapter 4), relative support for the models was calculated as 
ΔAIC, which is the difference between the AICc of each model, and the lowest AICc in the model set 
(see section 4.1). Differences larger than 2 indicate substantial evidence against the model with the 
higher AICc (or BIC) (Burnham & Anderson, 2002). However, for the simulation study, the “true 
model” (the model used to generate the simulated data) is known. Therefore, AIC differences were 
calculated relative to this true model, a quantity which was termed AICdiff. Specifically, AICdiff is 
the AICc of the true model, minus the smallest AICc of the remaining models. This quantity is 
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negative whenever the true model is the best fitting model (the one with the lowest AIC score). 
Conversely, if one or more of the alternative models actually fits better than the true model does, 
then AICdiff will be positive. Note that AICdiff=0 does not indicate the best fitting model. An 
analogous quantity was calculated for BIC for the simulation study. 
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3.2.3 Simulation Study 
Because the PLN-mixture method has only been applied to specific datasets (Dornelas & Connolly, 
2008; Vergnon et al., 2012; Matthews et al., 2014), a simulation study was conducted to assess how 
it performed under a broad range of parameter combinations. Specifically, the simulation study was 
performed to determine which conditions would lead the PLN-mixture method to select a model with 
the wrong number of modes. For instance, when simulating data from a 2PLN mixture – where the 
underlying community has two modes - the position of the second mode was fixed, while the first 
mode travelled so that the distance between the modes decreased. This allowed testing when an 
assemblage that is actually a mixture of two lognormal distributions is mistakenly better fit by a 
single PLN, or by a logseries. Similarly, for 3PLN mixtures the three modes were positioned 
increasingly closer together, leading the simulated data to become increasingly indistinguishable 
from two-mode or one-mode distributions. 
 
A false positive was defined as simulated samples where a multimodal model was selected with high 
confidence when the true model generating the sample was not multimodal; and a false negative as 
simulated samples where the true model was multimodal but for which a ‘non-multimodal’ model 
was selected. A range of species richness and parameter values for the four alternative abundance 
distributions models was used to generate simulated count data. The spectrum of parameters used 
was designed to cover a realistic range for species abundance data (Connolly & Thibaut, 2012), and 
to provide a quantitative picture of whether and when the method fails to select the true number of 
underlying modes. 
 
The function fisher.ecosystem() from untb package (Hankin, 2007) was used to generate count data 
from logseries distributions. The parameter space was explored by factorially varying total number 
of individuals N = (1000, 10000, 20000) and number of species S = (20, 100, 200, 500) (this is the 
species pool to be sampled). To generate PLN count data the rpoilog() function from poilog package 
(Grøtan & Engen, 2008) was used. Parameter values of µ, σ and ρ were varied systematically, using 
μ values that would fall into different octaves and σ = (0.5, 1, 2). For the 1PLN simulations µ values 
were increased, thus replicating the unveiling process, while keeping σ and S constant. For the 2PLN 
simulation, the second mode was fixed (μ2 in octave 8), while μ1 values increased, falling into 
different octaves increasingly closer to μ2. A similar procedure was performed for the 3PLN 
simulations, fixing the third mode (μ3 in octave 9), and decreasing the distance between the modes, 
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first by positioning μ2 closer to μ3, and then bringing the three modes to consecutive octaves. Species 
richness levels were set as S = (20, 100, 500), representing the species pool to be sampled. All the 
simulated sampled communities with less than 10 species were excluded, due to the difficulty in 
constructing SADs with fewer species (McGill et al., 2007; McGill, 2011). All the fitting routines 
were run on non-binned data. 
 
A total of 162 parameter combinations were examined; for each parameter combination, 100 
simulated SAD samples were generated and the alternative log-likelihood functions were fit (more 
details in Appendix IV). For each simulated SAD sample AICdiff was calculated as: 
AICdiff = AICc true model – min (AICc remaining models) (and similarly for BIC), the true model 
being the one generating the data, not the specific parameters used. This is a slight modification of 
the standard calculation of ΔAIC (Burnham & Anderson, 2002), as explained before. 
 
 
3.2.4 Parametric Bootstrap 
Following the simulation study results, some 1PLN parameter combinations were identified where 
AICc strongly selected a more complex model than the one generating the data with a frequency of 
up to ~25% of the simulated samples (Fig. 3.3). To minimise the chance of a multimodal model being 
selected due to overfitting of the method, Likelihood Ratio tests (LRT) were additionally calculated. 
Likelihood Ratio tests assess if the improvement in goodness of fit of a more complex models is 
greater than would be expected by chance, if the simpler model were true. LRT are only applicable 
to nested models, so the logseries was not included in this analysis. Because the null distribution of 
LRT is known to occasionally deviate from a χ2 distribution (McLachlan, 1987; McLachlan & Peel, 
2000), null LRT frequency distributions from 1PLN simulated communities were generated. This 
allows calculating the equivalent of a p-value for the null hypothesis that the sampled data are 
consistent with a 1PLN distribution, thus providing an alternative assessment of whether a 
multimodal model provided the best fit for that parameter combination. For the simulation study, this 
was illustrated by comparing LRT distributions for two parameter combinations, one from the 
parameter space where AICc successfully selected 1PLN, and the other from the space where AICc 
has a higher probability of selecting a more complex model. See section 4.1 for the application of 
this procedure to the empirical datasets.  





3.3.1 Simulation study 
Overall, the PLN-mixture method was robust to large variation in the parameters used to perform the 
simulations. The false positive frequency was very low, particularly for BIC where in only 1% of the 
cases was a multimodal model selected with high confidence as the best fit model when the true 
model was not multimodal, and for AICc it was 6% (Table 3.1). The position of the modes, species 
richness and particularly σ values showed strong effects in the best-fit model selection, for both AICc 
and BIC, sometimes with different directions. 
 
In more detail, for all the parameter combinations used to generate logseries data, the average 
frequency of selecting the true model was 90% for AICc and 96% for BIC (Table 3.1 and Fig. 3.2). 
For the simulations with 1PLN as the true model, species richness (S) had strong and disparate 
effects. For AICc, the percentage of false positives increased with S, while for BIC the percentage of 
failures decreased. For highly truncated distributions (very small μ), logseries was selected as the 
best model, but as the sampled ‘communities’ became unveiled, 1PLN was selected. When 
inspecting the 1PLN simulation results in more detail, some particular parameter combinations led 
AICc to consistently and strongly favour more complex models than the one generating the data (Fig. 
3.3). Increasing the mean (μ) and particularly the standard deviation (σ) caused AICc to increasingly 
overestimate the number of modes (e.g., for simulations with S=500, on average 4.3, 8.1 and 17.2% 
for σ= 0.5, 1 and 2, respectively), whereas BIC only very rarely selected 2PLN or 3PLN, except for 
S=20 when this pattern was reversed (Table 3.1 and Fig. 3.3).  
 
The overall false negative frequency, i.e. simulations where the model generating the sampled 
communities was multimodal but for which a ‘non-multimodal’ model was selected as best fit, was 
25% for AICc and 39% for BIC (Table 3.1). For 2PLN and 3PLN simulations, the true model was 
selected when the modes were clearly separated, for smaller σ values and for higher species richness. 
BIC started to select a simpler model as the distance between the modes decreased ‘earlier’ than 
AICc, which was still able to select the true model for closer modes. 
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Again in more detail, for the 2PLN simulations, 1PLN started to be selected as best model as the 
distance between the two modes decreased and as σ values increased. For some simulated 
communities, 3PLN was selected as best model with high confidence, particularly for AICc; again 
this pattern was reversed for S=20, where only BIC selected 3PLN as best model a few times (Fig. 
3.4). Increasing σ values and varying the proportion ρ, as well as lower species richness, 
progressively increased the frequency of 1PLN being selected as best model. For the simulations 
with 3PLN as the true model, both AICc and BIC successfully selected the model generating the data 
with high confidence when the three modes were well apart and σ was small. When the modes are 2 
octaves apart, 2PLN starts to be selected, and then 1PLN when the modes were in consecutive 
octaves. Again σ values had a strong impact on the selection criteria, with higher σ leading to a 
‘quicker’ shift from 3PLN to 2PLN and further to 1PLN being selected. Species richness also had 
strong effect, as 3PLN was never selected when S=20 and only when the modes were well apart for 
S=100 (for instance, for S=20, AICc only once selected 3PLN as the best model, and BIC only 63/800 
simulated communities) (Fig. 3.5). 
 
 
3.3.2 Parametric Bootstrap 
When likelihood ratio tests were used in addition to AICc, the chance of selecting a more complex 
model decreased compared to when using AICc alone (Fig. 3.6). For the parameter space where AICc 
very rarely selected a multimodal model, the LRT distribution overlapped with the AICc selection 
pattern (Fig. 3.6 a and b). When AICc had a higher false positive frequency, using the LRT reduced 
the chance of erroneously selecting a multimodal model. Furthermore, the parametric bootstrap p-
value is more conservative than the critical value from a χ2 distribution for the latter case (Fig. 3.6 c 
and d). Following these results, and because the high false negative frequency for BIC suggests that 
































Table 3.1 Overall false positive and false negative frequencies (a) and detailed results for each true
model used to generate simulated data (b). All the frequencies indicate incorrectly selecting ‘non-
multimodal’ or ‘multimodal’ models with high confidence (AICdiff / BICdiff ≥2). 
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Figure 3.2 Logseries simulation results for AICdiff (top row) and BICdiff (bottom row) varying the 
number of species and number of individuals. The full line represents the mean AICdiff and BICdiff
for the 100 simulated communities; horizontal lines for y= -2, 0 and 2 were added to aid visualization 
(AICdiff ≤0 correctly select true model; AICdiff ≥2 fail to select true model with high confidence). 
The last plot on the right shows the frequency of false positives out of the 100 sampled communities 
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Figure 3.3 1PLN simulation results for AICdiff (top row) and BICdiff (bottom row) for S=500 (a), 
S=100 (b) and S=20 (c), varying μ and σ values (μ on a log2 scale). The full line represents the mean 
AICdiff and BICdiff for the 100 simulated communities. Horizontal lines for y= -2, 0 and 2 were 
added to aid visualization (AICdiff ≤0 correctly select true model; AICdiff ≥2 fail to select true model 
with high confidence). The last plot on the right shows the frequency of false positives (i.e. frequency 







































Figure 3.4 2PLN simulation results varying the position of the first mode μ1 and σ values (μ2 fixed, 
μ on a log2 scale); top row results for AICc and bottom row for BIC, for S=500 (a), S=100 (b) and 
S=20 (c). The last two plots on the right show the frequency of false negatives (i.e. frequency of AICc
or BIC selected 1PLN or logseries with high confidence), and the frequency of overfitting (i.e. 
selection frequency of 3PLN with high confidence). 


























Figure 3.5 3PLN simulation results varying the position of the first and second modes (μ3 fixed), 
represented as the distance between the three modes (μ3 – μ2 – μ1), and σ values; top row results for 
AICdiff and bottom row for BICdiff, for S=500 (a), S=100 (b) and S=20 (c). The last plot on the right 
shows the frequency of false negatives. 


























Figure 3.6 Likelihood Ratio test (LRT) frequency distributions calculated from the 1PLN simulated 
communities for the parameter combinations {μ=8 and σ=0.5} (a, b) and {μ=32 and σ=2} (c, d) (both 
S=500) – represented as black bars. The first parameter combination is from the parameter space 
where AICc successfully selected 1PLN, and the second is from the space where AICc has a higher 
probability of selecting a more complex model. Left panels show the distribution comparing 1 vs
2PLN (a and c) and right panels 1 vs 3PLN (b and d). Dotted vertical lines indicate the bootstrap p-
value. Diagonal striping histograms represent the frequency of AICc selecting multimodality with 
strong support for the same set of simulated communities, showing that using the LRT distribution 
rather than AICc alone allows reducing the false positive probability. The critical value from the χ2
distribution for α=0.05 is also shown, represented as a star (d.f. = 3 for 1 vs 2PLN, and d.f. = 6 for 1 
vs 3PLN). The bootstrap p-value is more conservative for the parameter space where AICc is more 
likely to overfit. 





The simulation study showed that the position of the modes, species richness and particularly σ 
values greatly affected model selection, for both AICc and BIC. Additionally, species richness often 
had contrary effects on the information criteria; this can be related to the high level of penalization 
exerted by AICc as sample size decreases (Burnham & Anderson, 2002), while the opposite happens 
for BIC (by definition), which can be problematic when testing for multimodality in SADs. As 
expected, BIC was more conservative than AICc, reflected both in the very low false positive 
frequency and particularly in the relatively high frequency of false negatives. While the former is a 
highly desirable feature of a selection method, the latter suggests that BIC can be insensitive to 
deviations in SADs indicative of multimodality. 
 
On the other hand, although AICc overestimated the number of modes for some parameter 
combinations, for a large number of empirical SADs with estimated parameters within that space, 
the more parsimonious model was selected. This suggests that AICc is not overestimating the number 
of modes generally, and that model selection criteria might be affected by parameter values in a 
nondirectional fashion. As noted before for SADs, comparative measures of goodness of fit can often 
produce conflicting results (McGill, 2003a; McGill et al., 2007). This study showed that additionally 
calculating LRT frequency distributions further reduces the probability of erroneously selecting 







4. Multimodality in Species Abundance Distributions – empirical 
analyses 
 
Having extensively assessed the performance of the PLN-mixture detection method with the 
simulation study described in Chapter 3, and knowing that calculating Likelihood Ratio tests in 
addition to AICc decreases de probability of erroneously selecting a more complex model, the 
detection method was employed to empirical community data. The data was collected according to 
the criteria described in Chapter 2. This analysis represented the first empirical assessment of the 




For each of the 117 empirical datasets (Appendix I; see a complete list of the data sources in 
Appendix II) a simplified vector of abundances was obtained, corresponding to one year of sampling 
only (the most recent year with at least 10,000 individuals where multiple years were sampled). This 
was intended to prevent interannual variability from inducing multimodality sensu Magurran & 
Henderson (2003), as the focus here was in assessing the prevalence of multimodal SADs 
independent of a temporal effect of species abundances fluctuations among years. A map with the 
datasets location is shown in Fig. 4.1. The datasets were classified according to spatial extent and 
taxonomic breadth (Table I.1). These two variables were intended to represent different axes of 
ecological heterogeneity. Regarding spatial extent, as explicit estimates of extent were not available 
for all datasets, datasets were classified as Local when data originated from plots or sampling 
locations within less than 1° latitude/longitude, as Regional when data comprised larger areas (e.g. 
countrywide or larger biome patches), and as Continental when data spanned broader areas such as 
the whole eastern North American coast or Antarctica. Regarding taxonomic breadth, the number of 
families was used to quantify this variable. The four alternative abundance distributions models were 
fitted to each empirical SAD and relative support for each model was calculated as ΔAICc (Burnham 
& Anderson, 2002). BIC was not included in the empirical analysis, as per the results of the 
simulation study. All the fitting routines were run on non-binned data. 
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For all the SADs selected as multimodal by AICc, a parametric bootstrap likelihood ratio test was 
conducted (PBLRT; see Knape & de Valpine (2012) for an example). The parametric bootstrap 
procedure consisted of randomly generating species abundance values from a 1PLN density function 
parameterized using the model’s maximum likelihood estimates for that empirical dataset (Connolly 
et al., 2009). As these analyses are very computationally intensive (Dornelas & Connolly, 2008; 
Connolly & Dornelas, 2011), 100 parametric bootstrap samples were generated for each dataset, 
using ̂ and 	
 (the estimated mean and standard deviation of log-abundances, respectively) and 
sample size as the observed number of species, and the log-likelihood functions were fit (code 
available in Appendix IV). For instance, for dataset ID4, estimated parameters were ̂=19.21 and 
	
=5.31 (Table 4.1), and the number of species is S=39. Using these parameter values and S as sample 
size, 100 parametric bootstrap samples were generated, and the PLN mixture distributions were 
fitted. This procedure allowed comparing the empirical likelihood ratio, calculated from the 
empirical SAD fitting, with the frequency distribution expected under the null hypothesis that the 
data are actually a single PLN. 
 
Finally, it was assessed whether the prevalence of multimodality was influenced by spatial extent 
and taxonomic breadth (and their interaction) using two models: first, a binomial generalised linear 
model (GLM) was used, aggregating 1PLN and logseries as ‘non-multimodal’, using the R function 
glm() with the logit link function (binomfit model below). Additionally, a multinomial Bayesian 
generalised linear model was used to assess the prevalence of multimodality, 1PLN and logseries 
separately. The Markov chain Monte Carlo (MCMC) estimation was performed using the R package 
MCMCglmm (Hadfield, 2010). A model with a random intercept was fitted to obtain improved 
parameter estimates for each level of the fixed effects (see MCMCglmm vignette (Hadfield, 2010) 
and Gelman & Hill, 2007), running 5,000,000 iterations with a burn-in of 100,000 and a thinning 
interval of 25 (multinomfit model below). 
 
binomfit <- glm (multimodal/non-multimodal ~ SpatialExtent * NumberFamilies, family= 
"binomial") 
 
multinomfit <- MCMCglmm (MODELselected ~ -1 + trait + trait:(SpatialExtent * NumberFamilies), 
rcov= ~ idh (trait):units, family= "categorical", nitt= 5 000 000, thin= 25, burnin= 100 000) 





Of the 117 empirical SADs, AICc selected a multimodal model for 47 SADs, 26 of which with high 
confidence. For many SADs, estimated 1PLN parameters fell within the parameter space for which 
AICc often selects a multimodal model with high confidence when the true distribution is unimodal 
(specifically with an estimated standard deviation of log abundance, σ, of about 2). On the other 
hand, all the SADs selected as logseries also had estimated σ ≥2 for the 1PLN model. This suggests 
that the method is not overfitting generally, but can occasionally select a more complex model. On 
visual inspection, none of the fitted curves seemed to be odd-looking or out of phase with the 
empirical SAD (Figs. 4.2 and V.1 in Appendix V), although it is possible that SADs that appear 
unimodal are better fit by multimodal models, and vice-versa (Matthews et al., 2014). 
 
For the SADs selected as multimodal, PBLRT supported AICc model selection for 17 SADs, where 
the empirical likelihood ratio values were higher than the bootstrap p-value from the PBLRT 
distribution) (Fig. 4.2 and Table 4.1). For the cases where the PBLRT results did not support 
multimodality, the second best model was assumed to be the best model (either logseries or 1PLN). 
Overall, 17 SADs were multimodal with high confidence, 1PLN was the best model for 54 and for 
46 it was logseries (Table I.1). None of the datasets selected as logseries had continental spatial scale. 
 
Regarding the effect of spatial extent and taxonomic breadth, both have a positive effect on the 
prevalence of multimodality (Table 4.2). For the binomial GLM, SADs with Local spatial extent 
were significantly less likely to be multimodal (p= 0.0073) vs Continental and Regional scales, and 
there is a positive effect of the interaction between number of families and the Local scale (p= 
0.00407). When using the multinomial GLM, SADs with Local spatial extent were again 
significantly less likely to be multimodal vs 1PLN (Fig. 4.3; pMCMC= 0.01943), but not at 
Continental and Regional scales. There is a positive effect of the interaction between number of 
families and the Local scale, with the proportion of multimodality vs 1PLN increasing as the number 
of families increases (pMCMC= 0.00106). In other words, relative to 1PLN, multimodality is 
significantly less prevalent at Local scales and low family richness, compared to when family 
richness is higher or spatial extent is Regional or Continental. Conversely, logseries is less prevalent 
vs 1PLN at Continental scales (pMCMC= 0.01636), and more prevalent at Regional and Local scales 
(pMCMC= 0.00923 and pMCMC= 0.01578, respectively; Fig. 4.3 and Table 4.2). These effects are 
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independent of number of families, which does not influence significantly the proportion of logseries 
vs 1PLN. 
  


























Figure 4.1 Map showing the 117 empirical SADs sampling locations and the model selected as best 
fit (each point corresponds to the mean latitude-longitude). 


























Figure 4.2 Species abundance distributions (SADs) of the empirical datasets selected as multimodal 
with high confidence, identified by the corresponding ID. For each SAD the taxon is identified, as 
well as the SAD location: A – Asia; E – Europe; NA – North America; and SA – South America. All 
the fitting routines were run on non-binned data. SADs were plotted with bins representing true 
doubling classes of abundance, following Gray et al. (2006). For all SADs the y-axis is the number 
of species and the x-axis is the species abundance in log2 classes (the first bar represents species with 
abundance 1, the second one species with abundances 2-3, then 4-7, 8-15, etc). The best fitted curves 
are red line for the logseries, bold blue line for 1PLN, dashed green line for 2PLN and dotted orange 
line for 3PLN (continued next page). 




















































Figure 4.3 Model selection frequency versus spatial extent of species abundance distributions (SADs) 
(a) and taxonomic breadth as number of families (b). The absolute number of SADs per spatial extent 
is 11 continental, 42 regional and 64 local. The number of families was truncated at 100 for better 
visualization; the four SADs with the greater number of families were best fit by the one Poisson 
lognormal distribution (1PLN). 





2 24.47 1.94 9.377 7.6038 14.688 13.811
3 124.50 2.10 11.160 21.297 18.693 35.714
4 19.21 5.31 14.707 13.430 20.241 16.606
9 95.30 5.23 12.095 9.246 19.752 14.435
10 150.78 5.46 12.745 6.808 17.386 7.404
12 3.54 2.92 12.588 8.644 18.103 11.315
13 6.76 2.83 10.674 6.860 15.502 14.417
14 5.75 3.92 12.204 10.441 16.467 13.752
16 5.46 4.01 10.761 7.396 18.038 12.537
18 0.26 4.14 11.497 7.719 17.555 10.329
21 0.70 4.30 11.873 9.657 16.518 12.368
22 58.47 2.61 13.907 17.693 19.992 21.597
23 23.27 3.94 11.580 6.398 18.328 16.761
24 1.18 2.55 10.825 8.463 17.580 9.422
29 57.55 2.39 12.481 43.531 23.296 55.787
30 747.59 4.78 12.940 17.442 17.610 22.306
31 107.28 2.56 14.647 15.502 20.957 17.948
33 45.10 2.20 15.236 17.542 21.788 20.903
34 249.84 1.83 11.724 15.723 18.878 18.941
35 4.75 3.00 12.523 8.538 16.868 10.088
38 35.70 2.47 12.942 11.105 19.575 13.125
39 41.27 2.56 14.331 12.185 23.251 19.210
40 275.14 2.74 15.717 35.574 24.019 42.367
41 5.42 2.95 13.875 10.999 18.959 10.999
43 1.27 4.48 11.558 6.698 16.688 11.533
45 20.27 1.79 11.052 11.048 16.423 20.835
49 4.00 3.69 11.392 7.905 16.739 10.408
50 9.60 2.58 12.370 8.004 19.615 18.391
51 1.12 3.48 12.745 6.982 18.678 8.747
55 18.57 2.26 14.210 8.282 24.062 11.914
60 8.96 2.82 10.519 22.863 16.974 23.217
90 4.64 2.78 13.386 2.968 19.279 16.158
91 12.07 2.54 12.866 6.831 17.417 7.803
92 0.19 3.86 12.789 16.989 20.083 22.405
93 9.29 2.13 10.707 7.517 16.712 5.097
94 7.95 2.71 11.788 8.197 18.315 13.076
95 9.91 1.57 12.813 25.698 17.673 31.901
96 12.95 1.63 15.230 19.944 26.657 22.725
99 5.65 2.39 12.735 15.141 17.760 17.325
100 25.51 2.82 12.768 12.234 19.488 16.313
101 26.19 1.97 12.369 10.358 15.550 15.938
102 11.03 2.26 12.463 14.316 19.487 20.841
104 16.14 2.03 11.724 10.474 19.039 12.096
108 348.56 1.25 12.196 14.874 17.454 18.779
110 135.25 2.10 12.602 11.018 21.157 17.723
113 49.12 1.74 13.111 8.733 20.980 17.107
116 22.50 2.11 12.442 9.184 17.841 13.840
Likelihood Ratio test











Table 4.1 Parametric bootstrap results comparing 1PLN vs 2PLN and vs 3PLN for the empirical 
SADs selected as multimodal by AICc; for each SAD, the estimated 1PLN parameters are shown. The 
critical value is the equivalent of a p-value from the PBLRT distribution and the empirical LRT is 
calculated from the SAD fitting. Bold LRT values indicate support for a multimodal distribution 
(empirical LRT ≥ bootstrap p-value). 
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a) Binomial GLM Estimate SE z value Pr(>|z|)
SpatialExtent.Continental -0.2207 1.0135 -0.2180 0.8277
SpatialExtent.Regional -1.5511 1.2830 -1.2090 0.2267
SpatialExtent.Local -3.7396 1.3940 -2.6830 0.0073
NumberFamilies -0.0127 0.0154 -0.8230 0.4105
SpatialExtent.Regional : NumberFamilies 0.0060 0.0247 0.2430 0.8084
SpatialExtent.Local : NumberFamilies 0.0747 0.0260 2.8730 0.0041
b) Multinomial GLM
Reference: 1PLN-SpatialExtent.Continental
Multimodality : SpatialExtent.Continental -0.0013 -2.4390 2.3690 0.9930
Multimodality : SpatialExtent.Regional 0.0183 -3.1700 3.2370 0.9944
Multimodality : SpatialExtent.Local -3.7030 -6.9170 -0.5603 0.0194
Multimodality : SpatialExtent.Continental : NumberFamilies -0.0248 -0.0669 0.0098 0.1597
Multimodality : SpatialExtent.Regional : NumberFamilies -0.0124 -0.0805 0.0541 0.7079
Multimodality : SpatialExtent.Local : NumberFamilies 0.0897 0.0301 0.1519 0.0011
Logser : SpatialExtent.Continental -186.0000 -336.7000 -0.4936 0.0164
Logser : SpatialExtent.Regional 188.1000 1.9480 338.0000 0.0092
Logser : SpatialExtent.Local 186.2000 1.4960 337.8000 0.0158
Logser : SpatialExtent.Continental : NumberFamilies -1.7840 -4.5770 0.7772 0.3401
Logser : SpatialExtent.Regional : NumberFamilies 1.7330 -0.8160 4.5390 0.3565





















Pr, two-tailed p-value; pMCMC, Markov chain Monte Carlo P-values; PLN, Poisson lognormal distribution.  
For the Bayesian GLM, the posterior mean estimates, the 95% credible intervals and the pMCMC values are 
shown. The parameter estimates were considered statistically significant when pMCMC < 0.05, and the 95% 
credible intervals (CIs) did not include 0. The term ‘Multimodality : SpatialExtent.Continental : 
NumberFamilies’ refers to the estimation of multimodality versus 1PLN at the continental scale with the 





Table 4.2 Results of binomial (a) and multinomial (b) generalized linear model (GLM) fitting, 
showing a positive effect of spatial scale or higher taxonomic breadth on the prevalence of 
multimodality. 





This investigation showed that 17 out of 117 SADs analysed are multimodal with high confidence 
(~15%). Furthermore, there is a higher prevalence of multimodality for communities with broader 
spatial scale or higher taxonomic breadth, suggesting that multimodality increases with ecological 
heterogeneity. This warrants systematic consideration of multimodality in the quantification of SAD 
shape. 
 
This analysis across different taxa, biomes and species richness indicates that multimodality is not 
an artefact of particular SADs. The only particularity of the SADs analysed here is that they were 
intensely sampled (more than 10,000 individuals), and there is no reason to suspect that this holds 
any influence as to whether the underlying ecological community is multimodal. Furthermore, 
because each empirical SAD analysed corresponded to only one year of sampling, multimodality 
reflects the structure of the community at a particular point in time. Additionally, multimodality was 
inferred only when it is supported by both AICc and PBLRT. Moreover, false negatives were more 
prevalent than false positives in the simulation study, thus rendering these conclusions highly 
conservative. A caveat of this study is that the SADs analysed here did not fully represent the 
spectrum of community variability in terms of spatial and taxonomic coverage. Furthermore, the 
sample of SADs analysed was not intended to be representative of taxa, habitat, climatic regions or 
even realm. Nevertheless, these results show a positive effect of both spatial scale and taxonomic 
breadth on the prevalence of multimodality, regardless of taxa and realm. 
 
The prevalence of multimodality found in this study differs from that suggested by Barabás et al. 
(2013). The simulation study showed that depending on the parameter combination, sampled 
communities from a single PLN can indeed produce apparently multimodal SADs, as the authors 
suggested. However, I believe that the method developed here improves our ability to test for 
multimodality. Despite there being no direct correspondence between Barabás et al.’s 
parameterization and the one in this study, their Fig. 4 suggests that the mode of the average unimodal 
distributions is located around octave 6 of the SAD, with the distributions spanning 11 octaves. This 
could be compared to the 1PLN simulations for larger μ, σ and species richness values, which fall in 
the parameter space for which AICc had a higher chance of erroneously selecting multimodality. 
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Thus, it would be interesting to investigate whether performing the additional LRT to the SADs 
generated using Barabás et al.’s parameterization would still yield similar multimodality frequencies. 
 
 
General explanations for multimodality 
Scale is fundamental to understanding biodiversity patterns (Levin, 1992; McGill, 2010a). The 
results presented here indicate that multimodality is more likely to occur for regional to continental-
scale SADs, albeit not exclusively. Some SADs selected as multimodal consist of local samples or 
plots, but all of these are taxonomically diverse (between 12 and 76 families): ID3 consists of 
macrobenthos samples from the Belgian Continental Shelf; IDs 95 and 96 of tropical forest plots in 
Malaysia, ID99 in Thailand, and IDs 101 and 102 of tropical plots in Brazil and Colombia, 
respectively; and IDs 45, 92 and 108 consist of vegetation plots in the USA (desert, shortgrass steppe 
and dune vegetation, respectively). This matches the regression analysis performed, for which local 
SADs with low family richness exhibited lower prevalence of multimodality than it did at high family 
richness or broad spatial scales. 
 
The explanatory variables analysed in this study mirror the spatial and organizational scales 
suggested by Levin (1992) as underpinning the variability of ecological patterns, and they support 
previous explanations for multimodality. Multimodality has been proposed to arise as consequence 
of species differences in ecological or functional characteristics (e.g. Magurran & Henderson, 2003; 
Alonso et al., 2008) and of environmental heterogeneity (Dornelas et al., 2009). Both of these 
explanations are consistent with a greater prevalence of multimodality in communities with greater 
spatial extent or taxonomic diversity. The goal of this study was not to develop a predictive model 
for multimodality, but to quantify its prevalence and test its association with relevant ecological 
variables. Exploring the effects of environmental heterogeneity, functional diversity, and core-
transient species in more detail will prove a fruitful avenue to further understand what aspects of 
ecological heterogeneity affect SAD shape and lead to multimodality. 
 
An additional interesting research question is how temporal variability in the species abundances 
might affect SADs’ shapes over time. In the present study, I was interested in removing the potential 
effect of temporal fluctuations of the relative abundances of species across years, to avoid the 
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possibility that multimodality could arise as an artefact of a single mode changing position over time. 
In principle, it is also possible that pooling could reduce multimodality, if changes in the position of 
modes over time make multiple modes more difficult to detect (for instance, if multimodality arises 
as a transient feature of communities, as an effect of particular stochastic environmental effects). 
Because the models used in this study implicitly account for sampling effects, and require actual 
counts (number of individuals sampled), an investigation into the effects of temporal averaging 
would require the development of an alternative statistical approach. 
 
 
Rarity and commonness 
SAD studies have often focused on the left-hand side of the distribution and on different theoretical 
models’ ability to accommodate the rarest species mode (e.g. Hubbell 2001; McGill 2003b), and 
several studies have described the rarer mode as the one leading to a multimodal pattern (Magurran 
& Henderson, 2003; Borda-de-Água et al., 2012; Matthews et al., 2014). Although a mode was often 
fitted to the rarest species, some of the empirical SAD also exhibited modes for very abundant species 
(e.g. IDs 30, 92, 99 and 108 in Fig. 4.2). This highlights the observation that communities 
characterized by very high abundances of the most abundant species might not be accommodated 
within a single lognormal SAD, and a multimodal model provides a better description, similarly to 
communities with a very high prevalence of rare species. While the majority of species are rare and 
the universal ‘hollow-curve’ SAD is the definitive description of this, the few most common species 
disproportionately dominate communities in terms of abundance and ecological processes (Gaston, 
2010, 2011), and might also have considerable influence on SAD shape (e.g. Connolly et al., 2014). 
 
The logseries was selected as best model relatively frequently, despite all of the data coming from 
intensely sampled communities. This suggests that, even for high sampling intensity, some 
communities are characterized by a very high proportion of rare species. The logseries was more 
often selected for communities encompassing smaller spatial scales, a finding consistent with the 
regression analysis results. Additionally, visual inspection suggests that there was a slight tendency 
for the logseries to be favoured when species richness was lower (see also results from Chapter 5), 
and in this analysis logseries was never the model with the best absolute fit (in terms of negative log-
likelihood values only; c.f. Baldridge et al., 2015). Interestingly, none of the SADs selected as 
logseries had the largest spatial extent, contrasting with the predictions of neutral theory with point-
Multimodality – empirical analyses 
48 
 
mutation speciation (Hubbell, 2001), which predicts a logseries SAD for the metacommunity. On the 
other hand, the maximum entropy theory of ecology (METE; Harte et al., 2008) predicts a logseries 
SAD, contrasting with the support for multimodality found in this study, and with the effect of spatial 
scale and taxonomic breadth on model frequency. 
 
This investigation showed that multimodality occurs with high confidence in ~15% of the 
assemblages analysed. Additionally, I demonstrated that multimodality has higher prevalence for 
large scale or taxonomically heterogeneous communities. Broader spatial extent and higher 
taxonomic breadth (as measured by family diversity) underpin higher ecological heterogeneity, and 




Multimodal SADs occur at a non-negligible frequency. Larger spatial scale or higher taxonomic 
breadth can yield multimodal SADs. Greater spatial scale and taxonomic breadth of the communities 
imply higher ecological heterogeneity. In turn, this is expressed as different levels of species 
abundance, thus being reflected in the SAD shape and informing on community structure. This 
investigation showed that the dichotomy between logseries and lognormal as the sole adequate 
descriptors of SAD should be expanded to include multimodal models. This will enhance our ability 
to use SADs to detect the effects of ecological or functional mechanisms affecting the communities. 
Furthermore, differences in SAD shape across different scales provide important insights to the 








SADs describe the relative abundance of the species in a community for a space and time, accounting 
for different aspects that univariate metrics measure separately, and readily integrating concepts such 
as rarity and dominance. Understanding how SAD shape varies with sampling scale is a long standing 
question in ecology (Fisher et al., 1943; Preston, 1948; Zillio & He, 2010). Following the results 
from the previous chapter, showing that there is a higher prevalence of multimodal SADs for 
communities encompassing large spatial extents or higher taxonomic diversity, I performed an 
exploratory analysis of how SAD shape changed across a gradient in spatial scale. To my knowledge, 
this is the first empirical assessment of the shape of SADs across a scale gradient spanning several 
orders of magnitude and including different taxa. The overall goal of this chapter was to try to 
reconcile predictions for SAD from two different macroecological theories, with sampling theory 
predictions and empirical patterns. Specifically, I tested empirically the common better fit of 
lognormal distributions for larger samples on one hand, and the results in the previous chapter 
showing that multimodality occurs with higher prevalence for larger areas, on the other. 
 
Two approaches to the scaling of SADs can be taken: downscaling and upscaling. In the former, 
some sampling approach is used to predict sampled SADs at smaller scales (Hubbell, 2001; Green 
& Plotkin, 2007), while in the latter some statistical method is employed to infer SADs for larger 
spatial scales than the focal one (Zillio & He, 2010; Borda-de-Água et al., 2012). However, analysing 
SADs across different spatial scales has remained largely unexplored (but see Rosindell & Cornell, 
2013). There is no single adequate scale for studying SADs (Wiens, 1989; Levin, 1992), hence 
systematically assessing SADs at different spatial scales allows us to make stronger inferences about 
the commonness and rarity of species across scales, and potentially disentangle which processes are 
determinant at different scales. 
 
Sampling effects have long been recognized to severely affect SAD shape (e.g. sample size, random 
sampling from a metacommunity), as well as spatial scale (Fisher et al., 1943; Preston, 1948; Pielou, 
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1977; Hubbell, 2001; Connolly et al., 2005; Green & Plotkin, 2007). Generally, SAD studies have 
employed a sampling theory approach to the problem of analysing the relationship between the large 
regional community and a sampled local SAD. Fisher et al. (1943) proposed the logseries as a 
distribution for a random sample from a gamma distribution (SADs at smaller scales are random 
subsamples of SADs at larger scales). The “veil line” proposed by Preston (1948) was a first 
approximation to explain that the absence of rare species in small samples would lead to a truncation 
of the “true” underlying lognormal distribution. Numerous studies have shown that increasing 
sampling intensity does include more rare species in the empirical SAD. However, as subsequently 
shown by several authors, unveiling does not simply reveal the left-end of the distribution by rigidly 
moving the veil, but the shape of the distribution also changes (Pielou, 1977; Dewdney, 1998; 
McGill, 2003c). Specifically, McGill (2003c) showed that pooling repeated autocorrelated small 
samples can lead to the log-left-skew reported in many empirical SADs, i.e. the existence of more 
rare species than predicted by a lognormal distribution (Hubbell, 2001; Magurran & Henderson, 
2003). This phenomenon can nonetheless be driven by a biological mechanism, where SAD shape 
reflects changes in the community structure, e.g. signature of core-transient species temporal 
dynamics (Magurran & Henderson, 2003). 
 
Crucially SAD shape is affected by how species are distributed in space, and one of the fundamental 
patterns in ecology is that individuals are not randomly distributed across space (Condit et al., 2000; 
McGill, 2010b). Green & Plotkin (2007) developed a statistical sampling theory for SAD 
incorporating conspecific spatial aggregation patterns. They showed that when sampling from 
regional SADs with randomly distributed populations (Poisson sampling), the sampled SADs would 
exhibit the same functional form as the regional SAD. In contrast, using a more realistic description 
of species spatial aggregation patterns (negative binomial sampling), sampled SADs diverged from 
the regional SAD. Specifically, this conspecific aggregation led to sampled SADs skewed towards 
both rare and more abundant species. Using theoretical models, Alonso et al. (2008) incorporated 
species asymmetries in terms of sampling or biological properties, and suggested that interspecific 
differences in aggregation rates can produce bimodal abundance distributions. Using an 
exceptionally large empirical sample, Dornelas & Connolly (2008) reported that species spatial 
aggregation partially explained the existence of multiple modes in a coral SAD (two, but not the 
three modes). Nonetheless, using a completely different approach and attempting to extrapolate 
SADs for larger areas, Borda-de-Água et al. (2012) predicted a bimodal larger scale-SAD, employing 
the method of moments without including any information on species aggregation patterns. 
Bimodality arises from an increase in the number of rare species with area (Borda-de-Água et al., 
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2002, 2012), with one mode occurring for the singletons class and another mode for intermediate 
abundance classes. Previously, the multifractal approach proposed by Borda-de-Água et al. (2002) 
predicted that species abundance distributions obtained at different areas should collapse into a single 
curve after renormalization. 
 
Two unified theories of biodiversity make predictions for SAD shape at different scales, the Neutral 
Theory (Hubbell, 2001) and the Maximum Entropy Theory of Ecology (METE) (Harte et al., 2008). 
Both theoretical frameworks can be thought of as null models (functional equivalence between 
individuals, and no explicit mechanisms included, respectively). Systematic discrepancies between 
empirical data and theoretical predictions can help identify important mechanisms that should be 
accounted for in order to improve our ability to make stronger inferences about what is driving SAD 
shape. Both theories provide a suitable null expectation for what SAD shape should occur at different 
scales. 
 
Neutral theory assumes all the individuals on the same trophic level have the same demographic rates 
of birth, death, dispersal and speciation, irrespective of species identity (Hubbell, 2001). Assuming 
equivalent demographic rates and fitness, stochastic drift and dispersal limitation are the processes 
explaining patterns of species abundance. The spatially implicit neutral model includes two distinct 
spatial scales: a local community that consists of a dispersal-limited sample from the 
metacommunity. In the original model (assuming the “point mutation” mode of speciation), the 
metacommunity follows a logseries distribution and the local community follows a zero-sum 
multinomial distribution (ZSM), which includes fewer rare species than the logseries and resembles 
a left-skewed lognormal distribution (Hubbell, 2001; Rosindell et al., 2011). This latter distribution 
has been the focus of intense debate and numerous studies have assessed the ZSM and lognormal 
performances for empirical SADs (Hubbell, 2001; McGill, 2003b; Volkov et al., 2003, 2007; 
Dornelas et al., 2006). Several subsequent models have been developed that incorporate more 
realistic ecological settings, relaxing the neutrality assumption for some ecological characteristics, 
or including several local communities with different dispersal limitations linked to the 
metacommunity (Etienne, 2005, 2007, 2009; Janzen et al., 2015). Recently, using a spatially explicit 
neutral model, Rosindell & Cornell (2013) have also derived a logseries SAD for the largest scale 
analysed, and while more realistic speciation modes have been proposed, data from 20 different local 
tree communities were actually better fitted by Hubbell’s original model (Etienne et al., 2007). 
Finally, Rosindell et al. (2010) proposed a gradual protracted speciation mode as an improvement 
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on the classical neutral model that can produce both logseries and the “difference logseries (DLS)” 
distributions for the metacommunity level. The latter distribution is the difference between two log-
series terms, it predicts fewer rare species, and reduces to a standard logseries when the number of 
generations equals 0 (equivalent to point mutation model). However, a logseries distribution is 
dependent on the size of the metacommunity, and the authors argue that the protracted model will 
provide a better fit only if there is a sufficiently large sample from the metacommunity. Therefore, 
assessing the performance of logseries for intensely sampled and large scale communities SADs, and 
for different taxa, provides a relevant test on current neutral models. 
 
METE is a spatially explicit theory of biodiversity based on the principle of maximization of 
information entropy (MaxEnt). It requires knowledge only on four state variables to describe 
ecological communities: the area of an ecosystem (A0), species richness (S0), the total number of 
individuals (N0), and total metabolic rate for the overall community (E0) for a specified taxonomic 
group (original formulation ASNE model; the metabolic rate information has been disregarded when 
analysing SAD) (Harte et al., 2008; Harte & Newman, 2014). MaxEnt rationale is that the least-
biased inference of the shape of a probability distribution is as smooth and flat as possible given the 
constraints (Harte et al., 2008). Using only these four state variables, i.e. what is known about the 
system a priori and without incorporating any specific ecological mechanisms, the most likely 
distribution for several macroecological patterns is found by maximizing information entropy. The 
logseries is the SAD distribution that emerges from the METE model across scales (Harte et al., 
2008; Harte & Newman, 2014). 
 
Here, I performed a systematic assessment of SAD shape for different taxa across a scale gradient, 
employing the model fit comparison from the previous chapters, and assessed the effect of sampled 
area, taxonomic breadth, species richness and total abundance on SAD shape. I interpret the results 
in light of these two macroecological theories with explicit predictions for the expected SAD shape 
at different scales, hoping to reconcile the discrepancies between different theoretical predictions and 
empirical SADs.  





5.2.1 Empirical Data 
12 datasets were analysed1, comprising different taxa, namely birds, fish, benthos and trees. I selected 
11 datasets from the BioTIME database with spatial extent larger than 150 000 km2 and for which 
the unique sampling locations were distributed across the study area so that the random splitting of 
the total extent would not result in portions without sampling locations (see section 5.2.2). For each 
dataset, the data corresponding to one year of sampling was used (the year with the most and more 
evenly distributed sampling locations). I also analysed the Forest Inventory and Analysis Database 
(FIA; http://fia.fs.fed.us/; USDA Forest Service, 2010; Woudenberg et al., 2010), as I wanted to 
include a tree community data in this analysis to ensure the results are robust across taxonomic 
groups. I obtained the latter data using the EcoData Retriever (http://data-retriever.org; Morris & 
White, 2013; McGlinn & White, 2015), and selected data from 2013 only. For each dataset, 
information of the taxonomic family corresponding to each species was also retrieved. These 
empirical datasets cover a wide range of sampling grains (0.0001 to 400 km2) and total spatial extents 
(167 455 to 16 663 141 km2). The full list of datasets and their sources can be found in Table 5.11.  
 
 
5.2.2 Implementing the scale gradient 
All analyses were performed in the statistical software R (R Core Team, 2017). I established a scale 
gradient by using the fixed extent of the study area and systematically partitioning this area into 
smaller portions, thus varying “grain” size as follows. I drew a circle encompassing all the sampling 
locations from the community data and centred on the centroid of the sampling locations. A random 
point from the circle was selected to split the circle into halves, thirds, quarters, eights and sixteenths, 
using the initial random point from the bisection as reference (Fig. 5.1). This way the spatial 
relationship between the sections and the sampling locations is maintained. Within each section, 
species abundances were pooled to build the Species Abundance Distributions, thus two SADs were 
produced for the bisection level, three for the third level, and so forth. At each level, each section 
                                                     
1 For the analyses in chapters 5 and 6, 12 datasets were selected; however one of the datasets was excluded 
from this chapter due to model fitting issues – ID11 in Table 5.1 was not included in chapter 5 results. 
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was annotated with the area, species richness (S), total abundance (N), as well as the total number of 
families (to assess the effect of taxonomic diversity). The areas sampled were calculated using 
convex hull polygons encompassing the sampling locations within each section, using package rgeos 












Figure 5.1 Schematic representation of the scale gradient, showing an example of how the 
encompassing circle was drawn and a random point was selected to establish bisections (a and b) and 
thirds (c). 
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5.2.3 Model fitting and analysis 
Along the scale gradient and for each section, each SAD was fitted with the four alternative models 
as described in sections 3.2.1 and 3.2.2. I employed the maximum likelihood methods described in 
Chapter 3 to explicitly compare the fit of logseries distributions (Fisher et al., 1943), and of mixtures 
of 1, 2 and 3 Poisson Lognormal distributions (1PLN, 2PLN and 3PLN, respectively) (Pielou, 1969; 
Bulmer, 1974). Model fitting was also performed for the SAD corresponding to the total extent. The 
second order Akaike’s information criterion for small sample sizes (AICc, Burnham & Anderson, 
2002) was used for model selection. In this investigation, I used AICc to compare the models, since 
the simulation study carried out illustrated that BIC was too conservative and can be insensitive to 
deviations in SADs shape (section 3.4). Furthermore, because I was not interested in detecting 
multimodality per se, but rather in detecting changes in SAD shape across scales, I used the best 
model as selected by AICc regardless of ΔAICc support2. 
 
I used the R package ggplot2 (Wickham, 2009) to plot smoothed density estimates relating the model 
selected (best model according to AICc) with the relevant variables across the scale gradient, namely 
area sampled, species richness, total abundance and number of families. I built these plots for each 
community individually and for all the SADs together, hence providing an overview of how these 
variables affect SAD shape across the different taxa analysed. In addition to using AICc as a model 
selection criterion, I also quantified the deviations between the empirical SADs and the predictions 
of each model, comparing the observed and expected number of species per octave. 
 
Finally, I also described how a suite of α diversity metrics varied along the scale gradient for each 
community, namely species richness (S), total number of individuals (N), number of families, 
Fisher’s α (Fisher et al., 1943; Magurran, 2004), as the parameter estimated from the logseries fitting, 
and also Shannon’s Diversity (H’) (Pielou, 1975) and Evenness (J’). I plotted these metrics as a 
function of log10 area. Specifically for the Shannon’s Diversity, this allowed me to compare the 
results with a power-law relationship between the diversity index and area predicted by a multifractal 
approach (Borda-de-Água et al., 2002). 
                                                     
2 For dataset ID4 in this chapter, model selection for the total extent SAD was informed from the results in 
chapter 4, since the data analysed was the same as in the multimodality analysis (same year in both analyses). 
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Table 5.1 Community data used and data sources. For each community the taxon, species richness, spatial extent and grain are shown (data sources can be 
found in Appendix II). 










East Coast North America Strategic 
Assessment - ECNASAP 
Fish 1994 7 229 693 0.33336 110 2 101 Brown et al., 2005 
2 
North American Breeding Bird Survey 
(BBS) 
Birds 
2015; USA data only 
(excluded Alaska) 
13 104 786 25.42715 521 2 420 
Pardieck et al., 
2016 
3 









ICES North Sea International Bottom Trawl 
Survey for commercial fish species 
Fish 2011 2 726 171 0.33336* 131 688 DATRAS, 2010c 
5 
Snow crab research trawl survey database 
(Southern Gulf of St. Lawrence. Gulf region. 
Canada) from 1988 to 2010 (OBIS Canada) 
Benthos 2009 167 455 0.00642 32 354 Wade, 2011 
6 
Maritimes Breeding Bird Atlas (2006-2010) 
point count data 
Birds 2009 480 235 0.031416* 163 3 243 NatureCounts a 
7 Reef Life Survey (RLS): Invertebrates Invertebrates 
Spatial subset 
around Australia 





Irish Ground Fish Survey for commercial 
fish species. ICES Database of trawl surveys 
Fish 2004 967 879 0.177792 100 163 DATRAS, 2010d 
9 
Landbird Monitoring Program (UMT-
LBMP) 
Birds 2004 1 057 570 0.031416* 229 5 107 USFS 
10 
Ontario Breeding Bird Atlas (2001-2005) 
point count data 
Birds 2003 3 545 420 0.031416 233 19 611 NatureCounts b 




12 Forest Inventory Analysis (FIA) Trees 
2013; excluded 
Alaska 






¥ Dataset 11 was not included in chapter 5 analysis 
*Grain was approximated to similar studies 





Overall, there was a higher prevalence of multimodal SADs for larger areas and for more 
taxonomically diverse communities (Fig. 5.2, aggregated communities (top row)), while nonetheless 
some smaller areas or less diverse communities were also multimodal. Logseries was never selected 
as best model for the total extent SAD, and was only selected for much smaller areas, and when 
species richness or number of families were proportionally much smaller (Figs. 5.2 and VI.1). As 
area sampled decreases both species richness (S) and total number of individuals (N) are also 
expected to decrease; however, while S showed a similar effect to that of area on model selection, 
there was no clear pattern for N (Fig. 5.2 top row). Note that not all the communities were multimodal 
at the total extent. For the SADs selected as multimodal with strong support at the total extent, 
multimodal models most often provided the best fit across the scale gradient. These are the BBS bird 
data, the RLS fish data, the Ontario Breeding Bird Atlas (OBBA), and the FIA tree inventory. The 
average ΔAICc for multimodality vs non-multimodality across the scale gradient was 11.01 for BBS, 
9.77 for RLS fish, 6.39 for OBBA, and 5.53 for FIA (calculated as (min AICc 2PLN/3PLN – min AICc 
1PLN/logser) for all the sections). On the other hand, some communities exhibited the expected pattern 
of progressing from multimodality to 1PLN or logseries as sampled area decreased (Fig. 5.2, IDs 6, 
8 and 9). The communities better fit by 1PLN at the total extent showed some variability in the best 
fit models as area decreased, with 1PLN still being selected very frequently, but with both logseries 
and multimodal models being selected for smaller or intermediate levels (Fig. 5.2, IDs 1, 4, 5 and 7). 
 
Visual inspection of the deviations between the empirical SADs and each model’s predictions 
supports the abovementioned results. For the communities with consistent support for multimodality 
across the scale gradient, logseries consistently and severely overestimated the number of singletons 
(and rare species) across the scale gradient, while 1PLN often underestimated them, and both models 
either over or underestimated the number of species with intermediate to high abundances. On 
average, deviations are smaller for 2 or 3PLN at every scale (Figs. 5.3 and VI.2; IDs 2, 3, 10, 12). 
For the remaining multimodal SADs at the total extent, logseries overestimated the number of rare 
species again, and the PLN mixtures also exhibit large deviations between the observed number of 
species and the models’ predictions across the distribution and across the scale gradient. For the 
SADs better fit by 1PLN at the total extent, for ID7, deviations are much smaller on average for 
2PLN at every scale, while both logseries and 1PLN underestimate the number of rare species. For 
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the remaining SADs, there is no clear pattern, but the logseries is systematically unable to accurately 
predict the rarest and the intermediately abundant species. 
 
Regarding the scaling properties of the other α metrics, overall the expected linear relationship on 
log-log scale for species richness (S) was found, as well as a similar relationship for total abundance 
(N) and number of families (Fig. 5.4 a), b) and c)). There is some variability in the linear relationships 
for Fisher’s α with log area, with increasing diversity for some communities, but more shallow 
relationships for other communities (Fig. 5.4 d)). The Shannon diversity index (H’) increased with 
increasing area, and there was generally a significant linear relationship with log area (positive 
slopes), although the overall amount of variation explained varied depending on the community (for 
6 communities adjusted R2 values > 0.4; Table VI.1; Fig. 5.4 e)). Evenness (J’) remained relatively 
stable across the scale gradient for the majority of communities (Fig. 5.4 f)). There was more 
variability in S, N and the other α metrics between the sections as area decreased. The exception to 






Figure 5.2 Effect of area sampled, species richness, total number of individuals and number of 
families on the best model selected for the SADs aggregated across all the communities analysed (top 
row) and for each individual community, identified by the corresponding ID1. 1PLN is represented 
in blue, 2PLN in darker green and 3PLN in lighter green, and logseries in red (next pages).  




















Figure 5.3 Left panel – Comparison of the mean empirical SADs (histograms) and the mean fitted 
models. Right panel – Deviation between the each empirical SAD and the best fit parameterization 
of each alternative model; deviations are calculated as the difference between the proportion of 
species observed and the predicted by each model for each octave of abundance. In both plots, 1PLN 
is represented in blue, 2PLN in green, 3PLN in orange, and logseries in red. Each community is 
identified by the corresponding ID (see panels for the remaining communities (IDs 5-12) in Fig. VI.2 
(Appendix VI)). 
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Figure 5.4 Scaling relationships with area for species richness (a), total abundance (b), and number of families (c) on a log-log scale, and for 
Fisher’s α (d), Shannon’s Diversity (H’) (e), and Evenness (J’) (f), on a semi-log scale. 





The systematic assessment of SAD shape showed consistent variation in SAD across the scale 
gradient. Furthermore, it supported the findings in the previous chapter: there is a higher prevalence 
of multimodal SADs for larger areas and for more taxonomically diverse communities, while 
logseries never provided an adequate fit for larger and more diverse communities. In addition, this 
analysis revealed a clear effect of area, species richness and taxonomic diversity in determining SAD 
shape, and a non-directional pattern for total abundance (for the aggregate SAD results). I compared 
the performance of different models to describe the SADs of different taxa across a scale gradient 
spanning several orders of magnitude, providing a comprehensive and robust analysis of how the 
relative abundance patterns depend on spatial scale and also on taxonomic breadth, without any a 
priori theoretical framework. The results here clearly depart from two macroecological theories 
predictions for the SAD. 
 
 
Variability in SAD shape across scales 
For the communities selected as multimodal with strong support at the total extent, multimodality is 
still strongly selected across the scale gradient, even for intense sampling effects of area, species 
richness and total abundance. This suggests that multimodality is a robust feature of the SADs and 
is indeed reflecting the structure of the underlying communities, rather than being a sampling (c.f. 
Barabás et al., 2013) or scaling artefact. The sections created across the scale gradient for these 
spatially broad and taxonomically diverse datasets (The North American BBS bird survey, Reef Life 
Survey fish, Ontario Breeding Birds, and the FIA tree inventory), still represent very large spatial 
extents, and due to the way the scale gradient was established, the spatial relationship between the 
sections is maintained, thus suggesting that multimodality reflects the structure of the communities 
at these smaller scales, despite the marked decrease in number of species and total abundance as area 
sampled decreased. Since in this analysis I only used AICc to select the best fit model, it is possible 
that the prevalence of multimodal models is being overestimated (see results in section 3.3). 
Nonetheless, there was consistent and strong support for 2 or 3PLN for these communities. Hence, 
selection of multimodality across the scale gradient for these communities is robust. For these 
communities, SAD shape was more or less conserved across a wide range of areas sampled; dramatic 
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shifts in key aspects of community structure are required for the overall SAD shape to change (e.g. 
Supp & Ernest, 2014). 
 
Clear shifts in SAD shape can provide information about relevant ecological and spatial aspects 
affecting community structure at different scales. For the non-multimodal SADs at the total extent, 
but for which multimodality was frequently selected for smaller sections, this might be due to 
haphazard spatial decomposition of the community when splitting the total extent, and/or because of 
sampling effects, namely if the SADs become dominated by both rare and very abundant species 
(Green & Plotkin, 2007). When the more abundant species are very abundant (hence dominating 
smaller samples, or smaller areas of the community in terms of number of individuals), 2 or 3PLN 
models are better able to accommodate both the rare and the most abundant species in the 
distribution, hence being selected despite the increase in number of parameters. Species aggregation 
patterns can lead to one or a few species becoming extremely (proportionally) abundant for smaller 
areas. Simultaneously there is also a higher number of rare species in smaller samples, and hence a 
multimodal model provides a better fit than the (original) 1PLN for the total extent. In contrast, 
logseries fails to accommodate both rare and very abundant species simultaneously. Differences in 
species aggregation rates have been suggested to be related to the existence of multiple modes in 
both theoretical and empirical SADs (Alonso et al., 2008; Dornelas & Connolly, 2008). The results 
here suggest that multimodality occurring at smaller scales might be due to the spatial aggregation 
of individuals and species, where “hitting or missing” areas where a species is abundant can lead to 
the appearance of different modes. Hence, a multimodal model provides a better description for the 
SAD by accommodating both the rarest and the more abundant species, something that neither the 
logseries nor a single PLN are able to do. Conspecific aggregation is one of the fundamental features 
of ecological communities (McGill, 2010b). The results reported here suggest that species spatial 
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α metrics across scales 
The expected relationship of species richness with area emerged for all the communities, and a 
similar pattern was found for total abundance and number of families as well. There seems to be 
support for a power-law relationship for both Fisher’s α and Shannon’s H’ with area, while evenness 
remained largely stable across scales for the communities analysed. The exception was ID5, which 
might be related to the much smaller number of species in this dataset (S=32); thus for this 
community, species richness might be dominating the diversity patterns. The only theoretical 
framework I am aware of that explicitly predicts a relationship between the Shannon index and area 
is the multifractal approach proposed by Borda-de-Água et al. (2002). The method of moments used 
by the authors to derive the mathematical multifractal formalisms leads to power-law relationships 
between area and the Shannon, Simpson, and Berger-Parker diversity indices. Although the estimated 
Shannon diversity values did show a linear relationship as a function of log area, there was a lot of 
variability in the strength of the relationship depending on the community analysed. This suggests 
that the multifractal approach might provide a good fit for specific taxa, but is not able to reproduce 
the scaling relationhip of Shannon diversity for all the different communities analysed. One possible 
aspect that might explain this discrepancy is that the relationships are derived for relatively small 
scales, whereas the spatial gradient explored here spans several orders of magnitude. The multifractal 
approach also predicts a scale invariant SAD after renormalization, which is not supported by the 
results here and in the previous chapter. The more stable relationhisp of evenness with sampled area 
can be related to community-level properties being relatively conserved. For instance, Supp & Ernest 
(2014) reported that species-level responses to disturbance were stronger than community-level 
properties, with species richness, evenness, and the form of the RAD being relatively resilient to 
disturbance (RAD, or Rank Abundace Distributions are an alternative way of plotting species 
abundance distributions). Although their study does not explicitly consider scale effects, this is in 
accordance with the results found here, if a parallel can be drawn between a large decrease in area 
sampled (and consequently number of species and number of individuals) and disturbance events. 
Furthemore, the fact that evenness remained relatively unchanged across the scale gradient can again 
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Comparison with neutral and METE theories 
This investigation not only assessed the effect of scale on empirical SADs, but also provided 
contrasting results with two important macroecological theories. Logseries distributions were never 
selected as best fit for the larger scales (with larger areas and higher number of individuals) and were 
unable to accurately predict the abundances of both rare species and more abundant species. This 
clearly deviates from neutral models’ predictions of a logseries being the expected SAD for larger 
scales. Moreover, models with realistic speciation modes and that can produce more flexible 
metacommunity SADs and reduce the predicted number of singletons (e.g. Rosindell et al., 2010) 
are still not able to accommodate multimodal SADs. On the other hand, the results here also show a 
strong departure from several studies reporting METE’s success in characterizing the general shape 
of the SAD (Harte et al., 2008; White et al., 2012; Xiao et al., 2015). White et al. (2012) reported 
that the logseries provided a better fit to several empirical SADs with a wide range of “anchor scales”, 
including two datasets analysed here which have been selected as multimodal with strong support, 
specifically the North American BBS bird data and the FIA tree data. White et al. (2012) also 
reported that the logseries tended to overestimate richness for the lowest abundance classes, which 
is in agreement with my results, and the authors suggested that other METE’s formulations or neutral 
models can be used as alternatives, since they predict fewer singletons. Altough in this analysis I 
have not directly analysed either METE’s or neutral models, the results here clearly illustrate that the 
logseries is not able to simultaneously deal with the rare and the abundant species tails. Furthemore, 
the fact that multimodal models have systematically outperformed the logseries, particularly for 
larger scales, and following the regression results performed in chapter 4 for over 100 empirical 
communities, it is unlikely that the logseries is an adequate descriptor of SADs across spatial scales. 
 
These results do not invalidate the logseries as a “realistic functional form for SAD” as produced by 
METE (Pueyo et al., 2007; Harte et al., 2008) or neutral models (Hubbell, 2001; Rosindell et al., 
2010), nor that it is not a useful model in certain contexts. Logseries has indeed been selected as best 
model for several communities (in both chapters 4 and 5). What these results illustrate is that 
logseries is not adequate as the single SAD distribution, as METE suggests, and furthemore that it is 
more likely to describe SADs at smaller scales and for less taxonomically diverse communities, 
contrary to a logseries describing the metacommunity level in neutral models (Hubbell, 2001; Pueyo 
et al., 2007; Rosindell et al., 2010). Furthermore, in METE’s framework, because derivations for 
other macroecological patterns depend on the SAD’s formulation as a logseries (Harte et al., 2008), 
this highlights the need to incorporate and test other SAD distributions to ensure those derivations 
are robust. On the other hand, the success of METE’s predictions depends on selecting appropriate 
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state variables (Harte et al., 2008; Harte & Newman, 2014), while small modifications can lead to 
different results for the SAD (Pueyo et al., 2007). Furthemore, different assumptions for the 
configuration, the imposition of constraints, and the scale on which MaxEnt models are formulated 
can lead to different predictions for species spatial distributions (Haegeman & Etienne, 2010). 
 
A recent model extending the neutral theory by incorporating size variation and growth dynamics 
(the size-structured neutral theory model (SSNT)) still assumes a logseries SAD (O’Dwyer et al., 
2009). A comparison of the ability of different model formulations for both METE and SSNT showed 
a better performance for the SSNT models (O’Dwyer et al., 2009; Xiao et al., 2016), with the authors 
arguing that METE’s contraints are not fully capturing relevant biological processes that influence 
community structure. Nevertheless, neither neutral nor METE models account for multiple modes in 
SADs, not to their higher prevalence at larger scales and for more diverse communities. These results 
also call for a closer look at the notion of the “feasible set” (Haegeman & Loreau, 2008; Locey & 
White, 2013), specifically as the total abundance N across the scale gradient did not exhibit any 
directional effect on the SAD shape (for the aggregated results). Hence, the results in this chapter 
suggest that the combination of S and N is not sufficient to predict SAD shape across spatial scales 
(White et al., 2012; Locey & White, 2013; Xiao et al., 2015). Nonetheless, both area and species 
richness showed a strong influence on SAD shape, although the two variables are also strongly 
correlated. One of the advantages of using the METE approach is being able to interpret the 
deviations from the expected distributions solely constrained by richness and abundance as evidence 
that other ecological features must be important in structuring the communities analysed (Harte et 
al., 2008; White et al., 2012; Xiao et al., 2016). 
 
Moreover, the results here also depart from a purely idiosyncratic community structure; employing 
the MaxEnt approach under a Bayesian framework, and considering that species differ in all aspects 
(opposed to “equivalent species” in neutral theory), Pueyo et al. (2007) also derived a logseries SAD. 
However, the authors showed that small modifications can yield SADs that depart from the logseries, 
originating “bounded power law” or “bounded skewed lognormal-like” distributions (see also Pueyo 
(2006)). On the other hand, by analysing a smaller plot within one of the datasets in their 2008 paper, 
Harte et al. suggested that large-scale heterogeneity could be used as an additional constraint, noting 
that by examining a more homogeneous subplot the discrepancy in the estimated SAR slope 
decreased. Here (and in the previous chapter) I have clearly demonstrated that ecological 
heterogeneity, represented by larger scales, higher taxonomic diversity or species richness, is linked 
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to the existence of multiple modes in empirical SADs across taxa, and inversely linked to logseries 
SADs. Hence, modifying or adding other relevant constraints to METE might provide a fruitful 
avenue to test if the METE approach is able to incorporate the variability in SAD shape occurring in 
empirical data. The fundamental rationale behind the state-variable approach to ecology is to use a 
priori knowledge of the system and maximize entropy to find the most likely distribution. The results 
here clearly indicate that more information is required as input if the METE methodology is to 
accommodate the variability in SAD shape found in empirical communities, and crucially to 
reproduce different SADs at different scales, including multimodal SADs. 
 
One potential source for the disparate findings here and the two theoretical predictions might arise 
from the scale gradient framework implemented, which spanned several orders of magnitude, and 
included very large areas, even for the smallest scale levels. Hence, it is possible that discrepancies 
found between my analyses and the theoretical predictions might be at least partially attributable to 
differences in the spatial scales investigated. For instance, the original METE formulation was 
designed for downscaling, and the original comparisons were made for relatively small plots (ranging 
from 64 m2 to 50 ha) (Harte et al., 2008). On the other hand, METE derivation was based on regular 
shaped plots that are formed by successive bisections of the “anchor scale”. More recent METE 
developments focused on upscaling SARs, but still assumed a logseries SAD (Harte et al., 2009). It 
has been suggested that both Neutral theory and METE might be more adequate for smaller scales 
(smaller areas/fewer individuals) (McGill, 2010b). The results here support this suggestion, since 
there was a clear prevalence of the logseries distribution occurring at smaller spatial and taxonomic 
scales. Several of the studies mentioned here that derive scaling relationships do not use explicit 
“measures” of scale – a metacommunity, or a regional species pool, might constitute very different 
spatial extents depending on the particular community or taxa. The analysis here did not focus on 
any particular scale, nor did I intend to provide any operational definition for those scales. 
Nonetheless, these results highlight the importance of incorporating explicit scales, and have 










Spatial scale emerged as a major driver of differences in SAD shape. The systematic analysis of 
several SADs at different spatial scales and for different taxa allows us to make stronger inferences 
about the commonness and rarity of species across scales. The results in this chapter clearly show 
that neither neutral nor METE formulations are able to accommodate the variability in SADs shape 
across spatial scales. The interplay of SAD shape at different scales can highlight important 
mechanisms acting on the communities, namely both inter- and intraspecific spatial patterns that lead 
to different SAD shape as spatial scale changes. A critical development for (current) macroecological 
theories is to predict or accommodate multimodal SADs, and crucially to incorporate the effect of 












6. Multiscale spatial patterns of β diversity 
 
Note: The work and results presented in Chapter 6 will be published in the form of a peer-reviewed 






β diversity quantifies the variation of species composition between assemblages or sites in a 
landscape (Whittaker, 1960). It is a fundamental component of biodiversity, with implications for 
community ecology, macroecology and conservation (Whittaker, 1960; Anderson et al., 2011; 
Socolar et al., 2016). However, as yet β diversity scaling patterns across space are poorly understood. 
In this chapter, I tested if β diversity shows systematic variation with scale. 
 
Factors such as dispersal and niche limitations, along with environmental heterogeneity and species 
aggregation can affect β diversity patterns (Whittaker, 1960; Nekola & White, 1999; Gaston et al., 
2007; Morlon et al., 2008; Barton et al., 2013). As additional habitat types and different 
environmental features are included for larger geographical areas, β diversity patterns are expected 
to be scale dependent (Koleff et al., 2003; Tuomisto, 2010b; Barton et al., 2013). A lot of research 
has been dedicated to the scaling properties of species richness (Rosenzweig, 1995; Harte et al., 
2009; Storch et al., 2012), but less attention has been devoted to the scaling of β diversity, with a 
lack of theoretical predictions about the form of β diversity scaling patterns (Koleff et al., 2003; 
Gaston et al., 2007; Barton et al., 2013). Furthermore, little is known about how its two components, 
turnover and nestedness, behave across different scales. As turnover and nestedness are generated by 
fundamentally different processes, quantifying their relative contribution across spatial scales can 
provide insights into the mechanisms underlying β diversity (Baselga, 2010; Svenning et al., 2011). 
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The measurement of β diversity is affected by the spatial scale of observation in terms of grain and 
extent (Wiens, 1989; Nekola & White, 1999; Mac Nally et al., 2004; Qian, 2009; Keil et al., 2012; 
Steinbauer et al., 2012; Barton et al., 2013; Nekola & McGill, 2014). For small grain sizes compared 
to the overall extent of the study, even close sampling units might be very dissimilar in their species 
composition, due to stochastic sampling effects and high variability in species occupancy patterns. 
As grain size increases, mean environmental variability decreases as a result of spatial averaging, 
and the probability of detecting more rare species increases (Wiens, 1989; Levin, 1992; Gaston et 
al., 2007; Keil et al., 2012; Barton et al., 2013). Hence, a decrease in dissimilarity as grain size (area 
sampled) increases is expected. But what is the functional form of this relationship? And are the 
patterns system or taxon specific (Barton et al., 2013)? This analysis provides the first attempt 
building β diversity scaling curves – akin to the triphasic Species-Area Relationship (Williams, 1943; 
Rosenzweig, 1995; Storch et al., 2012), and by using empirical data from different communities, I 
provide the first assessment of their generality or idiosyncrasy. 
 
One of the most widely used descriptions of β diversity is the distance decay of similarity (DDS) 
(Nekola & White, 1999; Morlon et al., 2008). DDS arises from the decrease in environmental 
similarity with geographic distance and/or from differences in the dispersal abilities of the organisms 
(Nekola & White, 1999; Morlon et al., 2008). Again as grain size increases, dissimilarity is expected 
to decrease, but previous studies have reported conflicting results. For instance, lower DDS rates for 
larger grains were reported by Nekola & White (1999) and Keil et al. (2012). In contrast, Morlon et 
al. (2008) found that grain size only affected the rate of decay at the smallest grain size analysed, 
while no consistent trend was found by both Steinbauer et al. (2012) and Zacaï et al. (2016). This 
suggests that the influence of grain size on DDS rates cannot be easily predicted, and might be context 
and/or taxa dependent. However, these studies have all employed different approaches, varying total 
extent and/or grain, using different taxa and analysing the patterns at different spatial scales 
(continents to plots). Hence, a systematic multiscale approach across multiple taxa to analyse the 
distance decay of similarity can help disentangle scale effects and ecological patterns. 
 
A few studies have analysed turnover and nestedness patterns at large spatial extents for specific 
taxa, with their relative contributions being apparently contingent on the scale levels investigated 
(Svenning et al., 2011; Wen et al., 2016). On the other hand, and similarly to Baselga (2010), these 
studies analysed dissimilarity patterns at fixed spatial scales and along latitudinal/longitudinal 
gradients, while disentangling the effects of different environmental drivers. Thus, there is still no 
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general investigation of turnover and nestedness relative contributions independent of latitudinal, 
longitudinal or environmental gradients. Turnover can be expected to be lower between larger 
sampled areas and for more vagile organisms. It is plausible that the nestedness component is less 
relevant between smaller sampled areas, where turnover may be the dominant driver of β diversity. 
On the other hand, nestedness could also represent a smaller portion of β diversity in scenarios with 
high dispersal rates. Thus, it is not clear how sampled area could affect the two components relative 
importance (Si et al., 2015), with possible interactions resulting from other mechanisms, e.g. 
metacommunity dynamics (Leibold et al., 2004; Tonkin et al., 2016; Gianuca et al., 2017). 
 
In this chapter, I systematically explored β diversity scaling patterns and provided the first empirical 
assessment of β diversity scaling curves for communities from different taxa. Additionally, I 
consistently investigated the behaviour of DDS across a scale gradient, by testing the hypothesis that 
DDS rates decrease as grain size increases. Finally, I tested whether the turnover component 










In this study, I analyse β diversity patterns across a scale gradient established using the sampled areas 
from empirical datasets, rather than imposing static grids with arbitrary dimensions. Scale is broadly 
defined as area sampled, and for the purposes of this analysis the largest scale in the scale gradient 
was determined by the total extent sampled for each individual dataset, and the lowest level defined 
by its sampling grain (Tuomisto, 2010a). Finally, γ diversity was assumed constant for each 
community, corresponding to the total number of species sampled in the total extent, and because 
my goal was not to estimate latitudinal gradients of β diversity, I did not employ a null model 
approach (Tuomisto, 2010a; Socolar et al., 2016; Ulrich et al., 2016). 
 
Using the scale gradient and the same datasets analysed in the investigation of SADs across different 
scales described in Chapter 5 (see sections 5.2.1 and 5.2.2; Table 5.1), an analysis of how β diversity 
and its components, turnover and nestedness, behave across spatial scales was carried out. A random 
point from the circle was selected to split the circle into halves, thirds, quarters, eights and sixteenths, 
using the initial random point from the bisection as reference (Fig. 6.1). I performed sample 
rarefaction to obtain an equal number of samples in each subsection and then pooled species 
abundances across the retained samples within each section, before calculating β diversity metrics 
between each pair of sections (Baselga, 2010; Tuomisto, 2010b). Each study was randomly split ten 
times, to assess the generality of the results focusing on effects of scale independently of latitudinal 
or longitudinal effects. Finally, I also calculated β diversity between all the individual samples, 
representing the lowest level of the scale gradient. 
 
The areas sampled (i.e. grain sizes) were calculated using convex hull polygons encompassing the 
sampling locations within each section, using package rgeos (Bivand & Rundel, 2016) (Fig. 6.1). At 
each level, sampled area is estimated as the minimum of the convex hull areas for each section – the 
estimated metrics are representative of the smallest area sampled. For the lowest level of the scale 
gradient, the grain size of individual samples was considered, assuming the grain size from a similar 
study if the exact information was not available (Table 5.1). Since the range of grains analysed covers 
several orders of magnitude, the results are not contingent on the exact grain size at the smallest 
scale. The geographic distances were calculated in km as the distance between the centroids of each 
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section, and between all the sampling locations for the lowest scaling level, using package sp 














  Figure 6.1 Schematic representation of the scale gradient, showing an example of how the 
encompassing circle was drawn and a random point was selected to establish bisections (a and b) and 
thirds (c – e). For the β diversity scaling curves, the smallest area at each level was used (b and c); 
for the DDS analyses the distances between the centroids of each section were calculated (d and e). 
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6.2.1 β diversity scaling curves 
To quantify community dissimilarity I used the β diversity additive partition framework proposed by 
Baselga (2010), where the Sørensen index (Sørensen, 1948) represents total β diversity, accounting 
for all aspects of compositional variation, the Simpson index (Simpson, 1943) represents turnover 
(species replacement independent of species richness gradients), and their difference represents a 
measurement of the nestedness-resultant component: 
βSørensen = βSimpson + βNestedness-resultant. 
 
To build the β diversity scaling curves for each community I assessed how β diversity varied with 
sampled area (non-directional β diversity). I used the multiple-site dissimilarity function beta.multi() 
in the package betapart (Baselga & Orme, 2012) to calculate the total β diversity, turnover and 
nestedness-resultant components for each level of the scale gradient. I then plotted the estimated 
metrics vs sampled area in a log10 scale to build the β diversity scaling curves. Finally, I used 
generalized nonlinear least squares to fit a power law model to each β metric as a function of area, 
using function gnls() from the nlme package (Pinheiro et al., 2016). 
 
 
6.2.2 Distance Decay of Similarity 
I used the function beta.pair() in betapart (Baselga & Orme, 2012) to obtain pairwise dissimilarities 
between all the sections at each scaling level and between all the sampling locations for the lowest 
level of the scale gradient (directional β diversity). This yielded three dissimilarity matrices for each 
level (one for each β metric) that can then be analysed with the corresponding geographic distances 
matrix. Since the FIA data represented over 188 million pairwise comparisons at the grain level, 10% 
of the pairs were randomly sampled for the DDS analysis. I follow the same notation as Baselga 
(2010), using upper-case letters to indicate the multiple-site measurements (βSOR, βSIM and βNES), and 
lower-case letters for the pairwise comparisons (βsor, βsim and βnes). 
 
Because the distance matrices are calculated using non-independent sampling locations, Mantel tests 
were used to assess the significance of the Pearson correlations between the dissimilarity and 
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geographic distances matrices for the total β diversity and its components, and for each level of the 
scale gradient, using package vegan (Oksanen et al., 2016) with 1000 permutations. The distance 
decay of similarity was quantified by fitting linear regression models to the total β diversity and its 
components vs geographic distance, at each scaling level. The slope of the regression represents the 
rate of distance decay, and the more constrained the dispersal of the organisms, the steeper the slopes 
of the relationships (Nekola & White, 1999). To assess if the intercepts and slopes of the linear 
models significantly differed between the levels in the scale gradient, I estimated the frequency 
distribution of the parameters by bootstrapping 1000 slopes and intercepts, using the package boot 
(Canty & Ripley, 2015). For the lowest level of sampling only 100 permutations were used due to 
the very high number of calculations to perform. For each β metric I evaluated if the slopes were 
steeper for lower scaling levels, testing if slopes for grain > 1/16 and 1/16 > 1/8; 100 bootstrap values 
were randomly sampled from the 1/16 level distributions for comparisons with grain. The same 
procedure was performed for the intercepts, again testing if coefficients were higher for lower scaling 
levels. Finally, using the same bootstrap distributions I assessed if coefficients for turnover (βsim) 
were higher than for the nestedness component (βnes) within each scaling level. These procedures 
were not performed for the bisection level because this level yields a single comparison, nor for the 
1/3 and 1/4 levels due to the small number of comparisons available to accurately assess the strength 









β diversity scaling curves 
All the datasets analysed showed strikingly similar β diversity scaling curves, with βSOR decreasing 
with increasing sampled area according to a power law (area on a log scale) (Fig. 6.2). As these 
patterns were very consistent across the ten random splitting trials performed for each dataset, I report 
the results for a single split. To illustrate that the patterns are not contingent on using estimates from 
a single trial, I compared the median βSOR values across all the trials (excluding the last one) with the 
values used in the analysis (Fig. VII.1). The lowest level of the scale gradient invariably exhibited 
very high βSOR dissimilarity between the samples for all the communities (~1), which then decreased 
with increasing area, with some communities exhibiting more contracted curves along the y-axis; i.e. 
for the larger areas sampled βSOR was close ~0.2 (e.g. the ICES North Sea International Bottom Trawl 
Survey, the Maritimes Breeding Bird Atlas, and the ICES Irish Ground Fish Survey – IDs 4, 6 and 
8, respectively), whereas for others it was ~0.4-0.6 (e.g. the BBS bird data, the RLS Invertebrates, 
and the FIA tree inventory – IDs 2, 7 and 12, respectively). βSIM exhibited a similar decreasing pattern 
and represented the largest portion of β diversity across all the communities and across the scale 
gradient. βNES seemed to be relatively insensitive to changes in area sampled, and always had a much 
smaller contribution to total dissimilarity than turnover, although it seemed to increase slightly for 
some communities as area increased (Fig. 6.2; IDs 1, 2, 3, 10 and 11). Model fitting showed 
significant power law decrease with log10 area for both βSOR and βSIM, and overall non-significant 
relationships for βNES (Table 6.1). Moreover, the coefficients estimated fell in a relatively narrow 




Distance decay of similarity 
The Mantel tests indicated an overall positive correlation between both total β diversity (βsor) and 
turnover (βsim) matrices with geographic distance across all the datasets for the grain and the 1/16 
levels. On the other hand, the nestedness-resultant component (βnes) was never correlated with 
geographic distance, even at the grain level (always non-significant negative value). I used a single 
random trial for the DDS analysis since there was relatively small variability in estimating the linear 
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model coefficients for the lowest levels of the scale gradient among trials. There was more variability 
for the higher levels for some communities, but for these levels (1/3 and 1/4) I would not be able to 
estimate reliable bootstrap distributions, so I restricted the comparisons to the lowest levels of the 
scale gradient (see Fig. VII.2 for the estimated slopes for all the trials for each β metric). 
 
As expected, total β diversity βsor increased with geographic distance (Fig. 6.3). For all the 
communities, at the grain level there is a significant positive relationship for both βsor and βsim with 
geographic distance, and a significant negative relationship for βnes. In other words, the total β 
diversity and the turnover component increased with the distance between the samples, while the 
nestedness-resultant component decreased (Fig. 6.3 and Table VII.1). Also as predicted, as the scale 
level increased, β diversity between the sections decreased. A similar pattern to that of grain occurred 
for βsor and βsim at higher scale levels (as sampled area increased), while βnes did not show a consistent 
trend, but always exhibited much shallower slopes with geographic distance than βsor or βsim (Fig. 
6.3), with significantly negative slopes occurring occasionally for the 1/16 level as well (Table 
VII.1). For all the communities, DDS slopes were not significantly different between the scale levels 
compared (from the bootstrapped coefficients comparing grain vs 1/16 and 1/16 vs 1/8), while the 
intercepts were always significantly higher comparing grain vs 1/16 levels, and occasionally also for 
1/16 vs 1/8 for βsor, with a very similar pattern for turnover (Table VII.2). For the nestedness 
component the slopes were again not significantly different and there were fewer situations where 
the scale levels had significantly different intercepts. Similarly to the scaling curves, turnover 
accounted for the largest portion of β diversity across all the communities and the scale levels. 
Pairwise comparisons between the bootstrapped slopes and intercepts across the different scale levels 
showed that both coefficients were consistently higher for turnover at the grain, 1/16 and 1/8 levels. 
 
In summary, for both the scaling curves and the DDS analyses, turnover accounted for the largest 
portion of β diversity across scales, showing similar scaling properties to the total β diversity, while 
the nestedness component was less sensitive to large changes in spatial scale/area sampled. 
Furthermore, the rates of decay of similarity (βsor) and of turnover (βsim) were consistent across large 
increases in area sampled, while the absolute dissimilarity values for both metrics (the intercepts of 
the DDS relationships) were affected by increases in area. Finally, the nestedness component was 
negatively affected by geographic distance at the lowest levels only. 
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Figure 6.3 Distance decay relationships for total β diversity (βsor), spatial turnover (βsim) and 
nestedness (βnes) with geographic distance (km). Note that, for consistency with the previous analysis, 
the plots are showing the inverse of DDS – dissimilarity is expected to increase with distance. Each 
row is identified by the corresponding ID, with βsor on the left, βsim in the centre and βnes on the right. 
The lines represent the linear model fitted to the pairwise comparisons, with a different colour for 
each level in the scale gradient (from a single random split; the linear coefficients are presented in 
Table VII.1). The different plotting symbols represent dissimilarity values for the different scale 
levels (grain was omitted due to the very large number of points) (next pages). 
 
Figure 6.2 β diversity scaling curves, showing the decrease of total βSOR and the turnover component 
βSIM with increasing sampled area (on a log10 scale). The area plotted is the minimum convex hull 
value of the sections at each level. The lines represent the nonlinear model fitted to each dataset for 
each β metric (see Table 6.1). 
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Table 6.1 Nonlinear model fitting results; significantly different estimated parameters are highlighted in bold. Model fitted to each metric was: 
gnls (β_metric ~ 1- (a * Area ^ b), params = a + b ~ DatasetID). 
  βSOR βSIM βNES 
Coefficients Dataset ID Value Std.Error t-value p-value Value Std.Error t-value p-value Value Std.Error t-value p-value 
a 1 0.0296 0.0102 2.9009 0.0056 0.0392 0.0151 2.5933 0.0126 1.0009 0.0277 36.1521 0.0000 
 2 -0.0241 0.0108 -2.2375 0.0299 -0.0306 0.0163 -1.8842 0.0656 0.0336 0.0501 0.6710 0.5055 
 3 -0.0222 0.0113 -1.9633 0.0554 0.0014 0.0258 0.0539 0.9572 -0.0447 0.0341 -1.3098 0.1965 
 4 -0.0021 0.0147 -0.1424 0.8873 0.0111 0.0265 0.4186 0.6774 -0.0227 0.0391 -0.5822 0.5632 
 5 0.0489 0.0212 2.3083 0.0253 0.0945 0.0379 2.4937 0.0161 -0.0483 0.0343 -1.4081 0.1655 
 6 0.0836 0.0242 3.4584 0.0011 0.1034 0.0365 2.8335 0.0067 -0.0211 0.0355 -0.5959 0.5540 
 7 -0.0213 0.0131 -1.6341 0.1088 -0.0281 0.0200 -1.4091 0.1653 -0.0115 0.0337 -0.3403 0.7351 
 8 0.0553 0.0227 2.4396 0.0184 0.0703 0.0345 2.0409 0.0468 -0.0221 0.0372 -0.5953 0.5545 
 9 -0.0071 0.0131 -0.5407 0.5912 -0.0036 0.0218 -0.1663 0.8686 -0.0168 0.0358 -0.4673 0.6424 
 10 0.0886 0.0247 3.5861 0.0008 0.1214 0.0364 3.3391 0.0016 -0.0329 0.0345 -0.9533 0.3452 
 11 0.0057 0.0145 0.3943 0.6951 0.0321 0.0254 1.2621 0.2130 -0.0139 0.0578 -0.2403 0.8111 
 12 -0.0266 0.0107 -2.4884 0.0164 -0.0278 0.0193 -1.4368 0.1573 -0.0216 0.0358 -0.6044 0.5484 
b 1 0.2280 0.0260 8.7748 0.0000 0.2213 0.0291 7.5968 0.0000 -0.0097 0.0026 -3.7403 0.0005 
 2 0.0825 0.0486 1.6976 0.0960 0.0708 0.0551 1.2842 0.2052 0.0008 0.0041 0.1884 0.8514 
 3 0.0439 0.0492 0.8915 0.3771 -0.0476 0.0447 -1.0637 0.2928 0.0052 0.0031 1.7043 0.0948 
 4 0.0194 0.0401 0.4848 0.6300 -0.0184 0.0454 -0.4056 0.6869 0.0086 0.0038 2.3049 0.0255 
 5 0.0039 0.0353 0.1095 0.9133 -0.0308 0.0394 -0.7834 0.4373 0.0033 0.0036 0.9073 0.3688 
 6 -0.0513 0.0315 -1.6269 0.1103 -0.0610 0.0363 -1.6817 0.0991 0.0073 0.0036 2.0217 0.0488 
 7 0.0056 0.0686 0.0818 0.9351 -0.0001 0.0812 -0.0006 0.9995 0.0084 0.0030 2.8110 0.0071 
 8 -0.0389 0.0336 -1.1567 0.2531 -0.0490 0.0386 -1.2695 0.2104 0.0071 0.0038 1.8762 0.0667 
 9 0.0557 0.0403 1.3818 0.1734 0.0272 0.0473 0.5755 0.5676 0.0083 0.0035 2.3459 0.0232 
 10 -0.0902 0.0302 -2.9832 0.0045 -0.0987 0.0337 -2.9323 0.0051 0.0051 0.0034 1.4706 0.1479 
 11 0.0011 0.0346 0.0317 0.9749 -0.0355 0.0370 -0.9584 0.3427 0.0013 0.0055 0.2276 0.8209 
 12 0.0872 0.0730 1.1950 0.2380 0.0175 0.0771 0.2272 0.8212 0.0063 0.0032 2.0068 0.0504 





The first comprehensive empirical analysis of β diversity scaling patterns reveals striking 
consistency: total beta diversity and turnover decreasing with the log of area sampled according to a 
power law, across the communities analysed. Furthermore, DDS rates were consistent over large 
increases of area sampled, while grain strongly affected dissimilarity values. In both analyses, 
turnover accounted for the larger portion of β diversity across all the communities, with the 
nestedness component being relatively insensitive to large changes in area sampled. 
 
Some of the β diversity scaling patterns found are in accordance with the expectation that higher β 
diversity values are expected at smaller scales and for more dispersal limited organisms (Nekola & 
White, 1999; Qian, 2009; Barton et al., 2013). In general, the smaller the area sampled the more 
dissimilar the compared sites will be (Nekola & White, 1999; Mac Nally et al., 2004; Barton et al., 
2013). This is consistent with what I found in both analyses: a decrease in dissimilarity as area 
increased, and higher overall dissimilarity values for smaller grains for the DDS relationships 
(significantly higher intercepts for lower levels of the scale gradient). As grain size increases, more 
species are shared between the sampled areas, and environmental differences are attenuated. 
Moreover, larger areas will harbour more species and pooling samples to obtain coarser grains results 
in larger samples and consequently increased probability of sampling more rare species. 
 
There is remarkable similarity in the scaling curves, as well as a consistent behaviour of the three β 
diversity metrics across the communities analysed. Although the datasets analysed do not include 
many taxonomic groups, they nonetheless comprise very different taxa, with different ecological and 
dispersal characteristics. Still, βSOR, βSIM and βNES scaling curves were remarkably consistent, when 
some variability could be expected due to specific ecological and/or environmental underlying 
factors (Barton et al., 2013). Similarly, DDS results were also consistent across the communities 
analysed. Moreover, the datasets analysed covered a wide range of total extent, grain sizes and also 
of species richness values, suggesting that these results are robust to large variation in these 
fundamental aspects of ecological studies. These findings are in accordance with one of the most 
general features of ecological communities – conspecific individuals are spatially aggregated 
(McGill, 2010b). Here I showed that, within fixed spatial extents and constant species pools, species 
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are spatially aggregated across a scale gradient spanning several orders of magnitude (from very 
small local samples to very large regional areas). Plotkin & Muller-Landau (2002) and Morlon et al. 
(2008) have previously shown that species spatial aggregation affects the expected similarity 
between samples within a regional landscape and DDS rates, respectively. Given the consistency of 
the β diversity scaling patterns reported here, these results suggest that neither the negative binomial 
nor the Poisson distributions might be able to adequately describe similarity patterns across scales 
(from local to regional scales). Specifically, the different functional form of the expected similarity 
with increasing area (Plotkin & Muller-Landau, 2002), and the inability of the Poisson cluster process 
completely reproducing the clustering patterns in empirical forest plots (Morlon et al., 2008) suggest 
that these inconsistencies might be attributable to scale effects. For instance, Morlon et al. (2008) 
noted that the Poisson cluster process only assumes a single scale of aggregation. Finally, the fact 
that species replacement, rather than species richness, was the main driver of compositional change 
across the scale gradient offers important insights for studies of temporal change in β diversity, 
highlighting that despite species richness remaining seemingly stable, substantial changes in 
community structure might still be occurring across spatial scales, with obvious implications for both 
our understanding of spatiotemporal dynamics of biodiversity change and conservation (Dornelas et 
al., 2014; Magurran et al., 2015; McGill et al., 2015; Socolar et al., 2016). 
 
 
β diversity scaling curves 
There were nonetheless some differences between the scaling curves, namely a contraction along the 
y-axis for some communities. In other words, some communities still showed very high β diversity 
values even for very large sampled areas (i.e. the dissimilarity value for the bisection level, the 
highest area in the scaling plots). The overall β diversity for the bisection level was particularly high 
for the RLS Invertebrates survey around Australia, and for the FIA tree inventory (IDs 7 and 12, 
respectively). For more heterogeneous landscapes and for organisms with lower dispersal ability, 
sampled areas are expected to be more dissimilar (Qian, 2009; Si et al., 2015). These two 
communities can be expected to be less vagile than either birds or marine fish (the majority of the 
other communities analysed here), and for the spatial framework implemented, i.e. within their 
respective fixed spatial extents and species pools. While the spatial configuration of the RLS data 
could also potentially affect β diversity patterns, and I have not tested for this effect (the sampling 
sites are distributed around Australia, whereas in the other datasets there is a contiguous cloud of 
more or less dispersed sampling locations across the spatial extent), the fish RLS data (ID3) scaling 
Multiscale spatial patterns of β diversity 
92 
 
patterns were similar to that of the North American BBS for instance (ID2), which lends support to 
the argument that ecological properties of the different taxa, rather than the spatial configuration of 
the sampling locations, more strongly affect β diversity patterns in this analysis. These latter two 
communities were the next ones with relatively high values for β diversity at the bisection level, 
which could be attributable to the very large spatial extent covered, and the very likely high diversity 
of habitats included. 
 
 
Distance decay of similarity 
The rate of decay of similarity did not change across very large ranges of area sampled for all the 
communities analysed. This contrasts with previous reports, namely Keil et al. (2012) and Steinbauer 
et al. (2012), but is in accordance with Morlon et al.’s (2008) results showing that grain affected 
overall similarity values, rather than the rate of decay, except at the smallest sampled area. The results 
from my analysis are consistent with the former, although I found no significant differences in the 
rates of decay of similarity even for the grain level comparisons. However, the range of area values 
investigated differs greatly between our studies: grain values ranged from 0.0004 to 6.25 ha in their 
study, while the scale gradient in my investigation spanned much larger sampled areas, with a very 
sharp increase from the smallest scale to the subsequent levels. Since Morlon et al.’s range is much 
narrower than my scale gradient, both studies can be reconciled in that DDS rates seem to be robust 
to large variations in grain, while those variations strongly affect overall dissimilarity values. 
 
Regarding the disparate results to those of Keil et al. (2012) and Steinbauer et al. (2012), it is likely 
they can attributed to the very different spatial framework in which I conducted this analysis. Firstly, 
both grain and extent were allowed to vary in those studies. Moreover, in Steinbauer et al.’s analysis 
the distance between plots was kept constant while increasing plot size, and DDS slopes were more 
strongly affected by varying extent than by grain size. In my analysis, I used a fixed spatial extent, 
so that community data was sampled from a uniform species pool, while the areas sampled and the 
distance between them were unconstrained and measured from the data for each scaling level. This 
isolates variation in β diversity from variation in gamma diversity. Secondly, I did not impose static 
grids overlaid over regional or continental extents, but analysed β diversity patterns across a scale 
gradient spanning several orders of magnitude. Finally, I used data collected with a very high degree 
of spatial resolution, from many small representative samples (although I did not use the abundance 
Multiscale spatial patterns of β diversity 
93 
 
information), rather than incidence data across large grid sizes, atlases or simulated data (Beck et al., 
2012). However, one caveat of this study was that I was not able to fully explore the scale gradient 
for the DDS analysis, as there was no statistically robust procedure of including information for the 
higher levels of the gradient. Nonetheless, these results showed that large increases in area sampled 
(grain) had no effect on the rates of decay, but did affect the overall dissimilarity values, i.e. the size 
of areas sampled, rather than the distance between them, more strongly affected dissimilarity patterns 
across the scale gradient. 
 
 
β diversity components 
Deconstructing total β diversity into its turnover and nestedness components revealed that the two 
components exhibit divergent spatial patterns, with turnover strongly driving the overall β diversity 
patterns, for all the communities and across the scale gradient. In contrast, the nestedness component 
contribution was systematically very low and generally scale insensitive. Since turnover followed 
the total β diversity pattern very closely, the nestedness component had to exhibit a contrasting 
pattern, due to the additive nature of the partitioning framework (Baselga, 2010). Interestingly, 
nestedness was negatively affected by geographic distance only at the lowest level of the scale 
gradient (and occasionally also at the next level; cf. Wen et al. 2016), being seemingly unaffected 
when calculating dissimilarity between sections at higher levels. Perhaps it is likely that nestedness 
would be invariant under this fixed extent setting, since new biogeographical areas or more species 
are not being added as area sampled increases, and hence turnover would be the dominant mechanism 
driving compositional differences between increasingly larger samples. Nonetheless, it is not 
straightforward to establish expectations for how nestedness should behave across scales, since the 
effects of several interacting factors must be considered, namely environmental heterogeneity and 
dispersal (Tonkin et al., 2016; Gianuca et al., 2017). For instance, Gianuca et al. (2017) demonstrated 
that the relative balance between turnover and nestedness completely depended both on dispersal 
rates and on landscapes being environmentally heterogeneous or homogeneous, using an 
experimental metacommunity. Complementary analyses including dispersal ability of organisms and 
habitat heterogeneity information might provide further insights to help discern how the two 
components are expected to behave. 
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Other studies have also reported turnover as the main contributor to β diversity for different taxa, 
albeit with some relevant nuances. Baselga (2010) showed that turnover was the dominant 
contributor of β diversity for Southern European longhorn beetles, while both components had 
similar contributions in Northern Europe. In contrast, Svenning et al. (2011) reported that mammal 
β diversity across Europe was also mainly driven by species turnover, but nestedness showed more 
equivocal responses at smaller regional scales; the authors suggested that scale could be involved in 
this discrepancy, due to different scale resolutions used (coarser grain size for the beetles study). Si 
et al. (2015) found a much stronger contribution of turnover for both breeding birds and lizards on 
islands in China, reporting that turnover decreased with larger differences in island area (and habitat 
richness), while the nestedness component showed the opposite trend. Finally, Wen et al. (2016) 
reported an increase of turnover with geographic distance, as well as a negative relationship of the 
nestedness component at the regional scale in their study of small mammals in China along latitudinal 
and longitudinal directions, while reporting contrasting results for both components at the grid 
(smaller scale) level. These findings illustrate the relevance of understanding the contributions of the 
two components systematically across different scales. All of the abovementioned studies however 
differ from the analyses presented here, in that I did not analyse β diversity patterns under a 
biogeographical or directional context. My analysis is purely descriptive of how the two components 
scale with area sampled, being the first investigation of turnover and nestedness components 




The results reported here are remarkably consistent for the three β diversity metrics, across taxa and 
for both the scaling curves and the distance decay of similarity, providing valuable insights to 
understanding and synthetizing β diversity scaling patterns. Given the current need to both 
understand and quantify how biodiversity is changing in the Anthropocene, and the mounting 
evidence that ecological communities are undergoing biotic homogenization (Magurran et al., 2015), 
it is of critical importance that we understand how spatial scale can influence such changes, and also 
how to best monitor communities so that β diversity can effectively inform conservation. 
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7. General Discussion 
 
Quantifying and understanding how diversity patterns change with spatial scale is a central question 
for ecological research. By analysing how two fundamental biodiversity patterns are affected by 
scale, this thesis contributes to a better understanding of community structure across scales. The 
analyses performed examined empirical communities from a diverse array of taxonomic groups and 
ecosystems, I improved statistical methods and analysed complementary biodiversity metrics. 
Moreover, the results here highlight the need for current unified theories of biodiversity to 
accommodate and explain the variability in SAD shape, while also illustrating consistent patterns 
across taxa, providing further support for general processes explaining community structure, in terms 
of both community relative abundances and similarity patterns. 
 
This investigation provided a systematic and comprehensive analysis of SADs and community 
similarity patterns across scales. First, I have demonstrated that relative abundance patterns in 
empirical communities deviate from the classical logseries and lognormal distributions, and have 
(conservatively) estimated that ~15% of the SADs analysed were multimodal. In addition, I have 
shown that the prevalence of multimodality is higher for larger scale or more taxonomically diverse 
communities. Currently, no unified theory of biodiversity predicts multiple modes in SAD. Second, 
I have explored how spatial scale affects the consistency of SAD shape across a scale gradient 
spanning several orders of magnitude. This analysis showed a clear effect of area, species richness 
and taxonomic diversity on SAD shape, while total abundance did not exhibit any directional effect. 
Furthermore, these results confirmed that multimodality is indeed reflecting the structure of the 
communities (even for intense declines in area sampled, species richness and total abundance), while 
reinforcing that logseries was never selected for broader scales, and was associated with communities 
with fewer species and taxonomic families. These findings differ significantly from two important 
macroecological theories’ predictions for species abundances distributions across scales. Third, I 
have explored the scaling properties of two conceptual types of β diversity, providing the first 
empirical assessment of β diversity scaling curves for different communities, alongside with its two 
components, turnover and nestedness. These results revealed remarkable consistency in β diversity 
scaling patterns, with total β diversity and turnover decreasing with log area according to a power 
law. Moreover, species replacement, rather than species losses or gains, was the main driver of 
compositional differences across scales. Additionally, while the rate of decay of similarity was 




the overall dissimilarity values. Spatial scale, ecological heterogeneity and species spatial 




7.1 Multimodality and SAD shape across scales 
 
We still lack a thorough understanding of what processes influence the relative abundance of species. 
The results in chapters 4 and 5 have clearly demonstrated that we need to expand the suite of models 
used to describe SAD shape, and that multimodality is not a sampling artefact. In addition, this 
investigation clearly showed a scale effect on SAD shape, both in terms of spatial scale and of 
taxonomic diversity. No current unified biodiversity theory accommodates the multimodality 
patterns found here or the variability in SAD shape with scale. All the existing models produce 
unimodal SAD distributions (McGill et al., 2007), with a single exception, the Emergent Neutrality 
(EN) model (Vergnon et al., 2012). As both selection and ecological drift act simultaneously on 
ecological communities (Hubbell, 2001; Vellend, 2010), the current view is that both niche and 
neutral dynamics contribute to the maintenance of species diversity. The EN model considers that 
the self-organisation of species along a niche axis allows for very similar species to coexist “within 
niches”, while differentiation occurs “between niches”. For very similar species, the process of 
species exclusion is very slow, and hence similar species can coexist for long periods of time 
(Scheffer & van Nes, 2006; Vergnon et al., 2012). The species occurring at the “core” of these niches 
are relatively abundant, while the remaining species are rare, and multimodal SADs are observed if 
the species within the different niches differ significantly in terms of their abundances (Vergnon et 
al., 2012). This rationale is somewhat similar to the core-transient species dynamics described by 
Magurran & Henderson (2003), but instead of considering species ecological asymmetries, the EN 
model is symmetric, with neutrality emerging as a consequence of ecological and evolutionary 
processes (Holt, 2006; Scheffer & van Nes, 2006). However, the EN model has been criticized for 
not explicitly modelling “hidden” species differences (Barabás et al., 2013), and an explicit test of 
the EN model showed no support for a link between a body-size axis and multimodality in SADs 
(Matthews et al., 2014). On the other hand, producing SADs with multiple modes does not 
necessarily give support to the underlying mechanism (Vergnon et al., 2012; Barabás et al., 2013), 
and the authors themselves suggested environmental heterogeneity and species asymmetries as 
alternative explanations for multimodal SADs (Magurran & Henderson, 2003; Alonso et al., 2008; 
Dornelas & Connolly, 2008; Dornelas et al., 2009). Finally, there is no explicit consideration of 
either spatial scale or taxonomic diversity of the communities simulated in the EN model. Here, I 
have robustly shown that multimodality is linked to larger spatial scales and more diverse 





Spatial scale emerged as a major driver of variability in SAD shape. The results here illustrate a 
strong departure from two important macroecological theories for SAD at different scales. On one 
hand, METE predicts a scale invariant logseries SAD, in clear contrast with the strong support for 
multimodality, and also for the lognormal distribution, in the analyses of over 100 diverse 
communities. On the other hand, different neutral models predict that SADs become more uneven 
for larger scales, proposing either a logseries or a “difference logseries” (DLS; with fewer rare 
species) for the metacommunity scale (Hubbell, 2001; Volkov et al., 2007; Rosindell et al., 2010). 
Several studies have shown that as scale increases, SADs become more even, i.e. transition from 
“logseries-like” to “lognormal-like” (Preston, 1948; Magurran, 2004; Connolly et al., 2005; Zillio & 
He, 2010). Here, I have shown that the scaling of species abundance distributions can further 
transition into multimodality at larger scales. Dornelas & Connolly (2008) unveiled a multimodal 
coral SAD where the location of the modes shifted to the right as sample size increased, and Borda-
de-Água et al. (2012) explicitly described a bimodal SAD when extrapolating the 50 ha BCI forest 
plot data for larger areas. Both these studies comprise relatively smaller areas compared to the ones 
analysed in chapters 4, and particularly chapter 5. Additionally, whereas a single lognormal still 
provided adequate fit for large scales and multimodality can occur for smaller areas, logseries 
distributions were strongly and consistently associated with smaller scales and with less diverse 
communities. Support for a logseries distribution at the metacommunity level has been questioned 
(Magurran, 2005b), and while recently developed neutral models improve the unlikely 
preponderance of singletons at larger areas (Rosindell et al., 2010), the results here clearly suggest a 
link between logseries SAD and smaller areas and less diverse communities, both in terms of species 
richness and number of families. Interestingly, Rosindell & Cornell (2013) also predicted a bimodal 
SAD when extrapolating the BCI dataset for larger scales using a spatially explicit neutral model 
without the protracted speciation improvement, but argued that this was only a transient feature 
towards a logseries SAD for the larger scale. This clearly contrasts with logseries never being 
selected for any large scale empirical community analysed here.  
 
Spatial scale is continuous, and there are no absolute definitions of scale that ecologists must use; 
the “adequate” scale will depend on the question, taxa and habitat investigated (Levin, 1992). Thus, 
cross-scale studies are crucial for improving our understanding of how diversity and the underlying 
mechanisms operate at different scales. On the other hand, explicit statements of what scale or scales 
are investigated are essential, as local, regional or metacommunity “scales” are loose definitions, and 
might represent very different areas for different taxa (Levin, 1992; Magurran, 2005b). Different 




heterogeneity and habitat patchiness also depend on the scale of observation, thus suggesting the 
impossibility of an absolute scale for studying ecological patterns (Levin, 1992). Furthermore, some 
theoretical tools might better suited to some particular scales (McGill, 2010b). In this thesis, I have 
analysed SADs from a broad range of spatial extents (from plots to continents), and I have explored 
SADs and community similarity patterns across a gradient in spatial scale spanning several orders of 
magnitude. In doing so, I have greatly expanded the range of scales at which theories deriving SAD 
have been developed and tested, namely the Neutral Theory and METE. It is possible that differences 
between my results and these theories’ predictions might be partially due to the very different spatial 
scales analysed, as it is also possible that the exact setting of the spatial scale gradient may also have 
influenced the results found. Nevertheless, I would argue the results here are robust in that they 
analysed many communities and employed stringent statistical tools, with very consistent results 
across taxa and habitats. 
 
Although a case-by-case comparison was never a goal in these investigations, a number of datasets 
analysed here have been frequently used as empirical support for both neutral and METE models, 
specifically several tropical forest community plots (e.g. BCI, Korup, Pasoh, Sinharaja, Yasuni, and 
Lambir), the North American BBS and the FIA tree inventory (e.g. Hubbell, 2001; Etienne et al., 
2007; Volkov et al., 2007; Harte et al., 2008; White et al., 2012). Granted that differences in model 
selection might be due to variations in the specific data analysed (e.g. data from different years), and 
that model fitting does not indicate which model is “true”, a stringent assessment of PLN mixture 
models and logseries performance has shown that the SADs of several of these communities are 
multimodal. Because multimodality is rarely studied and the goal of the abovementioned studies was 
not to test for multimodality, such models were not considered. As one of the first steps for model 
comparison is to establish a set of appropriate models to compare (Burnham & Anderson, 2002), this 
again highlights the importance of including multimodal models in SAD studies, and clearly 
illustrates the need for macroecological theories to accommodate multimodality in the possible suite 
of SAD predicted. This integration of multimodal SADs can provide crucial insights into what 
mechanisms are affecting community structure at different spatial, temporal and organizational 
scales. 
 
Temporal patterns in species abundance distributions have been largely overlooked (Magurran, 
2007). Given the current rates of biodiversity loss and change it is of vital importance to understand 




here, two different years were analysed for the North American BBS data (2011 and 2015 in chapters 
4 and 5, respectively), and for both years the SAD was multimodal with strong support. This strongly 
suggests that the species abundance distribution of this community is consistently multimodal. 
Further analyses to assess whether multiple modes are a consistent feature of SAD through time, or 
a transient pattern, will surely provide additional insights into the temporal dynamics of community 
structure (Magurran, 2007). Furthermore, SADs shape can also change along gradients other than 
spatial scale, e.g. communities at different stages of succession or under different rates of isolation 
can be better described by different models (Hubbell 2001, Magurran 2004, McGill et al. 2007). 
Thus, using SADs may also be useful in revealing temporal variation in community structure 
(Magurran 2007). Finally, the analyses here focused on number of individuals as a measure of 
abundance. While considering additional abundance measures laid outside the scope of my analyses, 
systematically analysing patterns for alternative abundance measures across space and time, such as 
biomass and resource use, may provide relevant insights into how communities are structured and 
also identify important links between patterns of numerical abundance, body size and energy (Harte 





7.2 β diversity and spatial scale 
 
β diversity studies are crucial to complement studies of α diversity, in order to better understand the 
processes that maintain species diversity across space and time. In this thesis, I provided the first 
empirical assessment of systematic variation of β diversity with spatial scale, showing a highly 
regular pattern for the scaling of three β diversity metrics with area for different taxa. Previous studies 
have also reported that species compositional differences are not scale invariant (Plotkin & Muller-
Landau, 2002; McGlinn & Hurlbert, 2012). However, the scales explored in such studies have 
usually been much smaller and using more constrained spatial settings (e.g. Plotkin & Muller-Landau 
(2002) compared pairs of equally-sized small square plots, and McGlinn & Hurlbert (2012) analysed 
sets of four small quadrats with varying grain sizes). Furthermore, these studies commonly focus 
exclusively on terrestrial plants, and do not explicitly consider the two components of β diversity. 
On the other hand, while the explicit modelling of conspecific spatial aggregation has improved the 
predictions of community similarity analyses (Plotkin & Muller-Landau, 2002; Morlon et al., 2008), 
it remains to be investigated if the negative binomial and the Poisson clustered distributions can 
adequately describe conspecific aggregation across larger ranges of spatial scales, and furthermore 
for different taxonomic groups, matching the consistency of the β diversity scaling relationships 
found here. 
 
Across scales and taxonomic groups, turnover was the major driver of compositional patterns. It is 
possible that within the spatial setting implemented, turnover would be expected to be the main 
contributor, since a fixed species pool in space and time was analysed – no new areas or species were 
added, which arguably might not be a very realistic setting. Sampling larger areas and for longer 
periods results in more species being sampled. Hence, it would be interesting to investigate if a 
different partitioning approach, e.g. sampling circles with varying area within the total extent instead 
of using the overall encompassing circle, would yield similar results. It would also be worthwhile to 
analyse these scaling relationships within a partitioning framework that captured the underlying 
natural habitat patchiness. On the other hand, analysing how a temporal axis might affect the turnover 
and nestedness relative contributions will likely lead to a more thorough understanding of how 
community composition changes over time. Previous studies have also detected a more preponderant 
role for turnover than for species richness differences (Magurran et al., 2015), and biotic 




issue for ecosystem functioning and resilience (Tilman, 1999; Tilman et al., 2014; Isbell et al., 2015; 
Oliver et al., 2015). 
 
Regarding the distance decay of similarity with distance, conflicting results on the scale dependency 
of DDS rates have been reported (Morlon et al., 2008; Steinbauer et al., 2012). Here, I have shown 
that the rate of similarity remains constant across large increases in area sampled. On the other hand, 
the expected functional form of the distance decay of similarity remains unresolved (Nekola & 
McGill, 2014), with exponential, linear and power-law relationships being used. Nekola & McGill 
(2014) showed that the shape of this relatinshop is scale dependent: power law decay occurs form 
small grains or limited extents, where the species pool remains constant, while exponential decay is 
more prevalent for larger grains or extents, where species pools vary. For simplicity, I have only 
explored linear DDS patterns here; hence additional investigations using the gradient in spatial scale 
and comparing the perfomance of different functional forms would provide further insights into the 
scaling properties of β diversity and of its components. Finally, METE formulation also incorporates 
spatial patterns of species aggregation (Harte et al., 2008). However, it has recently been shown that 
it is not be able to accurately describe DDS patterns for several plant communities, consistently 
overestimating the rate of similarity decay and performing worse than a random placement model, 
which is known to be a poor model for this pattern, since it does not reproduce the decrease in 
similarity with distance (McGlinn et al., 2014). It is worth noting again that these derivations are 
based on the assumption of a scale invariant logseries SAD. Incorporating additional information 







7.3 Contribution to Macroecology theory 
 
General properties of ecological communities have emerged from the results in this thesis – spatial 
scale, environmental heterogeneity and spatial aggregation patterns of individuals and species. This 
investigation has demonstrated how these features impact SAD shape and patterns of community 
similarity from local to continental scales. On the other hand, there was a clear failure of important 
macroecological theories to accommodate the variability in SADs shape across spatial scales, and 
previous studies have also reported that such models cannot fully reproduce empirical community 
similarity patterns (e.g. Condit et al., 2002; Dornelas et al., 2006; McGlinn et al., 2014). While the 
investigations in this thesis remained “theory-agnostic”, the extent to which current theories of 
biodiversity are able to accommodate and explain different biodiversity patterns, as well as 
incorporating potential variation in such patterns, is a critical criterion for their evaluation and 
application (McGill, 2003a, 2010b; Xiao et al., 2015). 
 
Unified theories of biodiversity strive not only to explain the pervasive diversity patterns, but also to 
identify links between the patterns and unite them under a single framework. Six unified theories, 
including the Neutral Theory (Bell, 2000; Hubbell, 2001), the continuum theory (McGill & Collins, 
2003), spatial clustered Poisson (Plotkin & Muller-Landau, 2002; Morlon et al., 2008) and MaxEnt 
applied to ecology (Pueyo et al., 2007; Harte et al., 2008) were recently reviewed and synthesized 
by McGill (2010b), who proposed three underlying principles shared by all theories, despite their 
clear differences in terms of biological assumptions, mathematical formulations and spatial scales 
involved. These three rules or assertions describe the stochastic geometry of biodiversity: 
1. Conspecific individuals are spatially clumped; 
2. Abundance between species at larger scales follows a hollow curve; 
3. Individuals of different species can be treated as independent and placed regardless of other 
species (McGill, 2010b). 
 
While there is some empirical evidence for intraspecific clumping of individuals, there might be less 
support for independent species placement, namely relating to the fact that species are strongly 
correlated to habitat properties and (can) interact with each other (Wiegand et al., 2012; May et al., 




“adequately shaped” macroecological patterns, including the SAR, SAD, the decay of similarity with 
distance and abundance occupancy correlations (McGill & Collins, 2003; Harte et al., 2008; Morlon 
et al., 2008; McGill, 2010b). Critically, none of these theories of biodiversity are able to produce 
multimodal SAD, and some issues regarding the community similarity results across scales can also 
be discussed. 
 
The findings here for both abundance and similarity patterns can be linked to the first assumption – 
conspecific individuals are spatially aggregated, one of the most common features of ecological 
communities. Spatial aggregation has been particular studied for terrestrial plants and at smaller 
spatial scales (Condit et al., 2000, 2002; Plotkin & Muller-Landau, 2002; Plotkin et al., 2002; Morlon 
et al., 2008). These results suggest that conspecific aggregation is a relevant mechanism across 
spatial scales covering several orders of magnitude, and across taxonomic groups. The explicit 
modelling of conspecific spatial aggregation has considerably improved sampling theories and 
scaling properties of SAD (Green & Plotkin, 2007) and of species compositional analyses (Plotkin 
& Muller-Landau, 2002; Morlon et al., 2008). On the other hand, incorporating species asymmetries 
in terms of aggregation rates has been linked to multiple modes in SAD at local scales, both 
theoretically and empirically (Alonso et al., 2008; Dornelas & Connolly, 2008). The scaling analyses 
in chapters 5 and 6 showed that spatial aggregation of conspecifics impacts SAD shape and 
community similarity across scales. Thus, this is likely a relevant driver unifying the results for the 
two biodiversity patterns analysed here and explaining the variability in these patterns across scales. 
 
On the other hand, the β diversity scaling analysis also suggested that independent species spatial 
distributions are unlikely to be able to explain the scaling properties of community similarity across 
scales. Such assumption has been successful in community similarity analyses using much smaller 
areas compared to the analysis in chapter 6 (Plotkin & Muller-Landau, 2002; Morlon et al., 2008), 
and crucially for communities within a relatively homogeneous environment – see Morlon et al.’s 
comparison of forest community plots with different levels of heterogeneity. Finally, Morlon et al. 
(2008) also suggested that interspecific spatial aggregation could potentially affect distance decay 
relationships by indirectly influencing species abundances and intraspecific aggregation, while 
further noting that the Poisson cluster process only assumes one scale of aggregation. In addition, 
the analysis of SAD across the scale gradient suggested that “hitting or missing” areas where species 
are abundant will strongly affect the shape of abundance distributions, and this is likely connected 




of both spatial scale and taxonomic diversity on SAD shape, and particularly on the prevalence of 
multimodality, these results crucially suggest that species spatial independence is unlikely to hold 
across different scales. Given the diversity of communities analysed and habitats covered across the 
spatial scale gradient explored, there is a strong suggestion that the assumption of independent 
interspecific placement is likely violated due to distinct habitat preferences and/or habitat 
heterogeneity. This links back to the notion that multimodality is associated to ecological 
heterogeneity, underpinned by larger spatial extents and higher taxonomic breadth. 
 
Ecological heterogeneity, intentionally loosely defined to incorporate the spatial, environmental, 
taxonomic and functional aspects of ecological systems, emerged as a crucial feature explaining the 
results found here. The “amount” of heterogeneity incorporated will vary among ecological models, 
across any of these axes of variation, and will also be scale dependent. Neutral models, clustered 
Poisson and METE were suggested as more adequate for smaller scales (McGill, 2010b). Once more 
heterogeneity is integrated, such models are no longer able to accurately describe SAD and 
community similarity patterns. The findings here indicate that both inter- and intraspecific spatial 
patterns are relevant to explain SAD variability across scales and β diversity scaling properties. 
Overall, contrasting the results for the patterns of abundance and community similarity with the 
unifying rules (or the unified theories thus synthesized), indicates that more information is required 
to accurately describe biodiversity patterns across scales (Harte et al., 2008; Morlon et al., 2008; 
Xiao et al., 2015; May et al., 2016). Adding more realistic assumptions, or adjusting assumptions 
and processes to a scale dependent context can be a way to derive new predictions, and improve the 
ability of theoretical models to accommodate multimodal SADs on one hand, and incorporate 







Understanding the underlying mechanisms of community abundance and composition is critical for 
biodiversity research. Additionally, understanding the links between relevant scales is imperative to 
solve the urgent challenge of conserving biodiversity, in the face of high rates of habitat 
fragmentation and loss, and of global climate change. Here, I have systematically analysed empirical 
communities focusing on establishing general scaling properties for SADs and community similarity 
patterns. The consistent deviation in empirical SAD from the predictions of established unified 
macroecological theories clearly indicates that further developments are necessary. Many authors 
have argued that, since different processes can originate similar abundance distributions, SADs hold 
little value in distinguishing different theories. Here, I show that SAD can provide valuable insights 
for community ecology and macroecology, and furthermore can provide insights into the 
mechanisms driving community structure across different scales. Additionally, I have provided 
empirical support for general scaling properties of β diversity metrics across taxa. Both these patterns 
can also be linked to species spatial patterns across different scales. 
 
Consensus theories on how ecological systems are structured and maintained and how they respond 
to global change are still elusive. The results in this thesis clearly indicate that unified theories of 
biodiversity (or their underlying synthetic assumptions) are unable to accommodate the variability 
in SADs shape and cannot fully reproduce community similarity patterns across scales. On the other 
hand, elements at the very core of ecological research, namely spatial scale, ecological heterogeneity, 
as well as intra- and interspecific aggregation patterns emerged as essential for understanding the 
patterns of abundance and similarity, from macroecological to local scales. Ecological theories that 
(over) simplify ecological differences between species or ignore biological mechanisms are not able 
to reproduce either the variability or the scale dependence of these patterns. The rationale for 
simplification has provided many fruitful insights into community structure and macroecology. 
Crucially, the results here illustrate that additional information, e.g. incorporating ecological 
heterogeneity or scale dependent assumptions, will likely improve our ability to accurately describe 
species diversity patterns across scales. Theoretical frameworks need to be improved or developed 
to accommodate the empirical variability in diversity patterns across scales, if we are to understand 
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Table I.1 Empirical datasets information, showing the number of families and classification in terms of spatial extent, as well as the selected model for each 
SAD. Datasets ID 1-25 were retrieved form OBIS, ID 26-110 from Ecological Data Wiki and ID 111-117 from GBIF. 



















Seabirds of the Southern and 
South Indian Ocean 
(Australian Antarctic Data 
Centre) 





Used last year sampled 
with enough records - 
2005; incidental records 
of marine mammals 
discarded 





Bakker et al., 
1994 
Phytoplankton in the 
Oosterschelde before, during 







Marine Temperate Estuarine 
Used last year sampled - 
1990 




Macrobel: Long term trends in 
the macrobenthos of the 





Marine Temperate Benthic 
Used last year sampled - 
2001 




ROCKALL: Scottish Rockall 
Survey for commercial fish 
species (EurOBIS) 
Fish Fish Marine Temperate 
Pelagic / 
Bottom waters 
Used last year sampled - 
2009 (only Fish data) 




Northern Irish Ground Fish 
Trawl Survey (EurOBIS) 
Fish Groundfish Marine Temperate 
Pelagic / 
Bottom waters 
Used last year sampled - 
2008 (only Fish data) 




Irish Ground Fish Survey for 
commercial fish species 
(EurOBIS) 
Fish Groundfish Marine Temperate 
Pelagic / 
Bottom waters 
Used last year sampled - 
2008 (only Fish data) 




ICES French Southern 
Atlantic Bottom Trawl Survey 
for commercial fish species 
(EurOBIS) 
Fish Fish Marine Temperate 
Pelagic / 
Bottom waters 
Used last year sampled - 
2007 (only Fish data) 







ICES Beam Trawl Survey for 
commercial fish species 
(EurOBIS) 
Fish Fish Marine Temperate 
Pelagic / 
Bottom waters 
Used last year sampled - 
2010 (only Fish data) 




Scottish West Coast Survey 
for commercial fish species 
(EurOBIS) 
Fish Fish Marine Temperate 
Pelagic / 
Bottom waters 
Used last year sampled - 
2010 (only Fish data) 




ICES North Sea International 
Bottom Trawl Survey for 
commercial fish species 
(EurOBIS) 
Fish Fish Marine Temperate 
Pelagic / 
Bottom waters 
Used last year sampled - 
2011 (only Fish data) 





St. Croix, USVI Fish 
Assessment and Monitoring 
Data (2002 - Present) (NOAA-
CCMA) 
Fish Fish Marine Tropical Reef 
Used last year sampled - 
2010 





La Parguera, Puerto Rico Fish 
Assessment and Monitoring 
Data (2002 - Present) (NOAA-
CCMA) 
Fish Fish Marine Tropical Reef 
Used last year sampled - 
2010 





St. John, USVI Fish 
Assessment and Monitoring 
Data (2002 - Present) (NOAA-
CCMA) 
Fish Fish Marine Tropical Reef 
Used last year sampled - 
2010 
164 40033 Local 43 1PLN 
14 CSIRO 
CSIRO Marine Data 
Warehouse (OBIS Australia) 




Used last year sampled 
with enough records - 
1988 
206 337485 Continental 78 1PLN 
15 Wade, 2011 
Snow crab research trawl 
survey database (Southern 
Gulf of St. Lawrence, Gulf 
region, Canada) from 1988 to 
2010 (OBIS Canada) 
Benthos Benthos Marine Temperate Benthic 
Used last year sampled - 
2009 





DFO Maritimes Research 
Vessel Trawl Surveys Fish 




Marine Temperate Demersal 
Used last year sampled - 
2011 
129 230445 Regional 57 1PLN 
17 
Brown et al., 
2005 
ECNASAP - East Coast North 
America Strategic Assessment 
(OBIS Canada) 
Fish Groundfish Marine Temperate 
Pelagic / 
Bottom waters 
Used last year sampled 
with enough records - 
1994 (only Fish data) 




MARMAP Chevron Trap 
Survey 1990-2009 (OBIS-
USA) 
Fish Fish Marine Temperate Reef 
Used last year sampled - 
2000 







MARMAP Fly Net 1990-2009 
(OBIS-USA) 
Fish Fish Marine Temperate 
Coastal 
habitats 
Used last year sampled 
with enough records - 
1985 




MARMAP Yankee Trawl 
1990-2009 (OBIS-USA) 
Fish Fish Marine Temperate Benthic 
Used last year sampled - 
1980 






Northeast Fisheries Science 
Center Bottom Trawl Survey 
Data (OBIS-USA) 
Benthos Benthos Marine Temperate Benthic 
Used last year sampled - 
2008 






CRED Rapid Ecological 
Assessments of Fish Belt 
Transect Surveys and Fish 
Stationary Point Count 
Surveys in the Pacific Ocean 
2000-2010 (OBIS-USA) 




Used last year sampled - 
2010 







Southeast Area Monitoring 
and Assessment Program 










Used last year sampled - 
2010 
164 684363 Regional 73 1PLN 
24 NIWA 
South Western Pacific 










Used last year sampled 
with enough records - 
2004 




Previous fisheries REVIZEE 
Program (Tropical and 









Used last year sampled 
with enough records - 
1979 




Spatial and temporal 
distribution and abundance of 





Macromoths Terrestrial Temperate 
Coniferous 
forest 
Used last year sampled - 
2004 





Aquatic insect sampling in 
Lookout Creek at the H.J. 
















Tree growth and mortality 
measurements in long-term 
permanent vegetation plots in 




Trees Terrestrial Temperate 
Coniferous 
forest 
Used last year sampled - 
2009 




PRBO Conservation Science - 
Point Counts 
Birds Birds Terrestrial Temperate Mixed 
Used last year sampled - 
2003 
268 100038 Regional 48 Multimodal 
30 HMANA 
Hawk Migration Association 
of North America (HMANA) 




Used last year sampled - 
2008 




Ontario Breeding Bird Atlas 




Terrestrial Temperate Mixed 
Used last year sampled - 
2005 
247 262128 Regional 47 Multimodal 
32 USFS 
Landbird Monitoring Program 
(UMT-LBMP) 
Birds Landbirds Terrestrial Temperate Mixed 
Used last year sampled - 
2006 




Maritimes Breeding Bird Atlas 




Terrestrial Temperate Mixed 
Used last year sampled - 
2010 












Terrestrial Temperate Wetlands 
Used last year sampled - 
2011 





Marsh Monitoring Program - 
Bird Surveys 
Birds Waterbirds Terrestrial Temperate Wetlands 
Used last year sampled - 
2011 
154 29328 Regional 41 1PLN 
36 Nilon, 2010 
Biodiversity - Fauna - Bird 





Urban / Rural 
areas 
Use all dataset 102 41077 Local 36 1PLN 
37 Brush, 2007 
Permanent Plot Vegetation 














Vegetation Plots of the 
Bonanza Creek LTER Control 






Terrestrial Temperate Taiga 
Used last year sampled 
with enough records - 
2003 




Canadian pre-1997 50-stop 
data for the North American 




Terrestrial Temperate Mixed 
Used last year sampled - 
1996 







The North American Breeding 









Used last year sampled - 
2011 




Bird and mammal counts for 
CalCOFI cruises off the west 










Used last year sampled 
with enough records - 
2006 




Bird and mammal counts for 
National Marine Fisheries 
cruises as part of the Rockfish 









Used last year sampled - 
2006 




Bird and mammal counts for 
continuous plankton recorder 
cruises on the great circle 









Used last year sampled - 
2006 
98 247679 Continental 15 1PLN 
44 




Effect of Burning Patterns on 
Vegetation in the Fish Lake 
Burn Compartments 




Shrub Terrestrial Temperate 
Savanna/Tallgr
ass prairie 
Used last year sampled - 
2005 
39 22011 Local 19 Logser 
45 
Grimm et al., 
2005 
Survey 200 long term study of 







Terrestrial Temperate Desert 
Used last year sampled - 
2005 




Point Count Bird Censusing 
Data Subset for Paper 'Effects 
of land use and vegetation 
cover on bird communities' 
Walker et. al 
(127_birds_2003_1) 
Birds Birds Terrestrial Temperate 
Urban / Desert 
/ Riparian / 
Agricultural 




Ecological and Social 
Interactions in Urban Parks: 
Bird surveys in local parks in 
the CAP-LTER study area 
(52_pp52_birds_1) 
Birds Birds Terrestrial Temperate Urban 
Used last year sampled - 
2002 







Point count bird censusing: 
long-term monitoring of bird 
distribution and diversity in 
central Arizona-Phoenix: 
period 2000 to 2011 
(34_birds_1) 
Birds Birds Terrestrial Temperate 
Urban / Desert 
/ Riparian / 
Agricultural 
Used last year sampled - 
2011 




Transect bird survey with data 
synthesis from multiple 
transects in the central 
Arizona-Phoenix area: period 
1998 to 2000 
(12_birds_2000_1) 
Birds Birds Terrestrial Temperate Urban / Desert 
Used last year sampled - 
2000 
133 154334 Local 38 1PLN 
50 
Hale et al., 
2002 
Coastal ecological data from 
the Virginian Biogeographic 
Province, 1990–1993 - 
benthic_species_abun_data 
Benthos Benthos Marine Temperate 
Estuarine and 
coastal waters 
Used last year sampled - 
1993 
514 101118 Regional 168 1PLN 
51 
Hale et al., 
2002 
Coastal ecological data from 
the Virginian Biogeographic 








Used last year sampled - 
1993 




Upper Little Tennessee River 
Biomonitoring Program 
Database - LTWA 
Biomonitoring Database 




Used last year sampled - 
2011 
36 12148 Local 8 1PLN 
53 Gaiser, 2010 
Macrophyte count data 
collected from Northeast 
Shark Slough, Everglades 
National Park (FCE) from 
September 2006 to Present 
Macrophyt
es 
Macrophytes Marine Temperate Estuarine 
Used last year sampled - 
2008 




Consumer Stocks: Fish, 
Vegetation, and other Non-
physical Data from Everglades 
National Park, South Florida 
Fish Fish Marine Temperate Estuarine 
Used last year sampled 
with enough records - 
2003 (only Fish data) 




Forest stand structure and 
composition in 96 sites along 
environmental gradients in the 






Terrestrial Tropical Mixed 
Use data from macroplot 
only 







Forest stand structure and 
composition in 96 sites along 
environmental gradients in the 






Terrestrial Tropical Mixed 
Use data from microplot 
only 
334 14848 Regional 71 Logser 
57 Hosley, 2003 
HF039. Vegetation Inventory 
of Harvard Forest 1937 
Terrestrial 
plants 
Trees Terrestrial Temperate 
Deciduous 
forest 




HF037. Vegetation Inventory 
of Harvard Forest 1986-1993 
Terrestrial 
plants 
Trees Terrestrial Temperate 
Deciduous 
forest 
Use all dataset 55 30282 Local 12 Logser 
59 
Sipe et al., 
2009 
HF141. Tree Seedlings in 
CRUI Land Use Project at 









Use all dataset 18 14801 Local 8 Logser 
60 
Foster et al., 
2006a 
HF078. Influence of Little Ice 
Age on New England 
Vegetation from 2000 BP to 
Present 









HF015. Land Use and Forest 




Trees Terrestrial Temperate 
Deciduous 
forest 
Use all dataset 38 26154 Local 14 Logser 
62 
Foster et al., 
2006b 
HF044. Land Use on the 
Southern New England and 
New York Coasts 1600-2001 
Terrestrial 
plants 
Trees Terrestrial Temperate 
Deciduous 
forest 
Used last year sampled 
with enough records - 
1999 




HF147. Ant Distribution and 
Abundance in New England 




Ants Terrestrial Temperate 
Deciduous 
forest and bogs 




HF147. Ant Distribution and 
Abundance in New England 








forest and bogs 




HF127. Timber Harvesting 





Trees Terrestrial Temperate 
Deciduous 
forest 




HF127. Timber Harvesting 

















HF127. Timber Harvesting 










Use all dataset 49 18909 Regional 16 Logser 
68 
Battles et al., 
2003b 
Forest Inventory of a Northern 
Hardwood Forest: Watershed 




Trees Terrestrial Temperate 
Deciduous 
forest 
Use all dataset 15 12373 Local 6 Logser 
69 
Battles et al., 
2003a 
Forest Inventory of a Northern 
Hardwood Forest: Watershed 




Trees Terrestrial Temperate 
Deciduous 
forest 




Forest Inventory of a Northern 
Hardwood Forest: Watershed 




Trees Terrestrial Temperate 
Deciduous 
forest 




Tree inventory data for the 
Hubbard Brook Valley Plots 
Terrestrial 
plants 
Trees Terrestrial Temperate 
Deciduous 
forest 
Use all dataset 21 14964 Local 8 Logser 
72 Gido 
Fish population on selected 
watersheds at Konza Prairie - 
CFP012 - Konza fish 
population 
Fish Fish Freshwater Temperate 
Pool / riffle in 
tallgrass prairie 
Used last year sampled 
with enough records - 
1997 
11 19442 Local 4 Logser 
73 Woods, 2009 
Multi-decade, spatially 
explicit population studies of 












Use all dataset 21 28986 Local 11 1PLN 
74 Woods, 2009 
Multi-decade, spatially 
explicit population studies of 














Use all dataset 23 13624 Local 9 Logser 
75 Woods, 2009 
Multi-decade, spatially 
explicit population studies of 



















Census of species, diameter 
and location at the Luquillo 
Forest Dynamics Plot (LFDP), 
Puerto Rico - LFDP census 3 





Terrestrial Tropical Tropical forest Use all dataset 149 93703 Local 45 Logser 
77 Zimmerman 
LFDP phenology plot 
seedlings – 16 ha plot - LFDP 







Terrestrial Tropical Tropical forest 
Used last year sampled - 
2011 




Biocomplexity at North 
Temperate Lakes LTER; 
Coordinated Field Studies: 
Fish / Crayfish Abundance 





Freshwater Temperate Temperate lake 
Used last year sampled 
with enough records - 
2002 




Madison Wisconsin Lakes 





Zooplankton Freshwater Temperate Temperate lake 
Used last year for which 4 
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R Code for fitting mixtures of 1, 2 and 3 PLN distributions (1PLN, 2PLN and 3PLN, respectively) 
and calculate maximum likelihood estimates (MLE)  
 
##need to load package 'poilog' 
##The species abundance data should be vector called 'counts'; e.g. counts<- c(1,3,5,1,25) 
##represents a community with two species with abundance 1, and another three species with 
##abundances 3, 5 and 25 
 
##R optimization routine nlminb can be used to estimate the best-fit parameters 
##The parameter searches should be initialized from several starting points 
##have to define max.abund= max(counts) 
 
##example of performing the fitting for 1PLN: 
this.fit <- try(nlminb(inipar1, loglike.1, lower = c(0.000001,0.000001), upper = c(max.abund,10)), 
TRUE) 
##estimating parameter mu between (0.000001, max.abund) 
##estimating parameter sig between (0.000001, 10) 
 
##Users of these functions should cite (a) the manuscript Antão et al. (2016), (b) the R software 








loglike.1 <- function(params) { 
  # params[1] is the mean of log-abundance (backtransformed to arithmetic scale) 
  # params[2] is the standard deviation of log-abundance 
   
  # First, make the vector of probabilities for all possible states: 
  probs <- rep(NA,max.abund) 
   
  # Next, get the specific abundance values that we need to calculate, i.e., the observed values 
  abund <- sort(unique(counts)) 
   
  # Use dpoilog to calculate probability for each observed abundance value 
  # and place in corresponding place in the probs vector 
  probs[abund] <- dpoilog(abund,mu=log(params[1]),params[2]) 
 
  # NOTE that in poilog, "mu" is the mean of log-abundance (not back- 
  # transformed), so params[1] needs to be logged before getting passed 
   
  # probability species is absent 
  p0 <- dpoilog(0,mu=log(params[1]),params[2]) 
   
  # zero-truncated probabilities: 




   
  # Finally, calculate the -log likelihood for the data set: 





loglike.2 <- function(params) { 
  # Mixture of two PLN distributions 
   
  # params[1] is the mean of log-abundance (backtransformed to arithmetic scale) for distribution 1 
  # params[2] is the standard deviation of log-abundance for distribution 1 
  # params[3:4] are the corresponding parameters for distribution 2 
  # params[5] is the probability that an observed species is from distribution 1 
   
  # as per loglike.1b, but need to initialize a vector for the probabilities for each distribution 
  probs1 <- rep(NA,max.abund) 
  probs2 <- probs1 
  abund <- sort(unique(counts)) 
   
  # First, make the vector of probabilities for the two distributions individually, 
  # and the associated probability that a species from 




  probs1[abund] <- dpoilog(abund,mu=log(params[1]),params[2]) 
  p01 <- dpoilog(0,mu=log(params[1]),params[2]) 
  probs2[abund] <- dpoilog(abund,mu=log(params[3]),params[4]) 
  p02 <- dpoilog(0,mu=log(params[3]),params[4]) 
   
  # Then produce mixture distribution (probability=params[5] that 
  # a species observed in the sample is chosen from distribution 1): 
  totprob <- (1-params[5])*probs2/(1-p02) + params[5]*probs1/(1-p01) 
   
  # Then, calculate the -log likelihood for the data set: 





loglike.3 <- function(params) { 
  # Mixture of three PLN distributions 
   
  # params[1:6] are the mu and sig parameters of the constituent PLN distributions 
  # params[7] is the probability that an observed species is from distribution 1. 
  # params[8] is the probability that a species is from distribution 2, 
  #     conditional on the species not being from distribution 1. 




  #     (f1,f2,f3, below) will sum to unity if params[7] and params[8] 
  #     are constrained to lie between 0 and 1. 
   
  # as per loglike.1b, but need to initialize a vector for the probabilities for each distribution 
  probs1 <- rep(NA,max.abund) 
  probs2 <- probs1 
  probs3 <- probs1 
  abund <- sort(unique(counts)) 
   
  # First, make the vector of probabilities for the three distributions individually, 
  # and the associated probability that a species from 
  # each distribution is not present in the sample. 
   
  probs1[abund] <- dpoilog(abund,mu=log(params[1]),params[2]) 
  p01 <- dpoilog(0,mu=log(params[1]),params[2]) 
  probs2[abund] <- dpoilog(abund,mu=log(params[3]),params[4]) 
  p02 <- dpoilog(0,mu=log(params[3]),params[4]) 
  probs3[abund] <- dpoilog(abund,mu=log(params[5]),params[6]) 
  p03 <- dpoilog(0,mu=log(params[5]),params[6]) 
     
  # Then produce mixture distribution (probability=params[7] that 
  # a species observed in the sample is chosen from distribution 1 and 




   
  # Calculate mixture probabilities so that f1 + f2 + f3 = 1 
  f1 <- params[7] # probability that species is from distr 1 
  f2 <- (1-params[7])*params[8] # probability that species is from distr 2 
  f3 <- (1-params[7])*(1-params[8]) # probability that species is from distr 3 
  
  totprob <- f3*probs3/(1-p03) + f2*probs2/(1-p02) + f1*probs1/(1-p01) 
   
  # Then, calculate the -log likelihood for the data set: 










A. Simulation Study 
The pseudo-code to perform the simulations was: 
1. Generate 100 simulated SAD samples for logseries and the PLN mixtures with known 
parameters. 
2. For each combination of parameters, run optimization routines performing the fit of the 
alternative log-likelihood functions. 
3. For each simulated SAD sample and for AICc and BIC calculate: 
• AICdiff = AICc true model – min (AICc remaining models) (similarly for BIC). 
Negative AICdiff or BICdiff indicate that the true model was successfully selected; 
• The frequency of selecting the true underlying distribution (out of 100). 
 
This piece of code produces sampled abundance data from a 2PLN mixture for a community with 
100 species. 
 
S<- 100          ## number of species to simulate – species pool 
#set parameters 
mutrue1<-4        ###mu for distribution 1 
mutrue2<-200    ###mu for distribution 2 (fixed octave 8) 
sigtrue1<-1         ###sig value for distribution 1 
sigtrue2<-1         ###sig value for distribution 2 
ptrue<-0.5          ###p proportion (probability species comes from distribution 1) 
 
S1<- round(S*ptrue)    #proportion of the species pool from distribution 1 




#generates a sample from distribution 1 
cnt1<-rpoilog(S1,mu=log(mutrue1),sig=sigtrue1) 
#generates a sample from distribution 2 
cnt2<-rpoilog(S2,mu=log(mutrue2),sig=sigtrue2) 
 







B. Parametric bootstrap analysis for empirical data 
Parametric bootstrap analysis consisted of generating abundance values from a 1PLN probability 
distribution parameterized using the maximum likelihood parameters ̂ and 	
 (the mean and standard 
deviation of the log-abundances, respectively) estimated from the empirical data. For instance, for 
dataset ID4, estimated parameters were ̂=19.21 and 	
=5.31, and the number of species is S=39. 
Using these parameter values and S as sample size, 100 parametric bootstrap samples were generated, 




### using the estimated 1PLN best fit parameters to simulate the communities 
### empirical abundance values are in a vector named ‘counts’ 




mutrue <- 19.21 
sigtrue <- 5.31 
S1<- 39 ##number of species 
maxabund<- max (counts) ##get max abund to set the range for pfd 
 
#Step1: create a pdf using the estimated parameters 
range <- seq (1, maxabund) 
empdist <- dpoilog (range, mu=log(mutrue), sig=sigtrue) 
 
#Step2: generate 100 sampled distributions from the pdf created above 
dists <- array(NA, dim= c(S1,100))        ###to save sps abundances for each distribution 
 
for (k in 1:100) { 
cnt <- sample (range, S1, prob= empdist, replace=T) 
































Figure V.1 Non-multimodal empirical species abundance distributions, identified by the 
corresponding ID. All the fitting routines were run on non-binned data. SADs were plotted with bins 
representing true doubling classes of abundance, following Gray et al. (2006). For all SADs the y-
axis is the number of species and the x-axis is the species abundance in log2 classes (the first bar 
represents species with abundance 1, the second one species with abundances 2-3, then 4-7, 8-15, 
etc). The fitted curves are red line for the logseries, bold blue line for 1PLN, dashed green line for 
2PLN and dotted orange line for 3PLN. The taxon for each SAD can be identified at the top of the 































































Figure VI.1 Total extent SADs of the empirical datasets analysed in chapter 5, identified by the 
corresponding ID. The best fitted curves are red line for the logseries, blue line for 1PLN, dashed 
green line for 2PLN and dotted orange line for 3PLN. All the SADs were better fit by 2PLN or 3PLN 





Figure VI.2 Left panel – Comparison of the mean empirical SADs (histograms) and the mean fitted 
models. Right panel – Deviation between the each empirical SAD and the best fit parameterization 
of each alternative model; deviations are calculated as the difference between the proportion of 
species observed and the predicted by each model for each octave of abundance. In both plots, 1PLN 
is represented in blue, 2PLN in green, 3PLN in orange, and logseries in red. Each community is 















































Table VI.1 Results for the linear model fitting of the Shannon index H' as a function of log10(Area), 
with significant slopes indicated in bold. 
Dataset Slope Adjusted R2 
1 0.3956 0.1922 
2 0.46215 0.5931 
3 0.7768 0.4648 
4 0.17889 0.06479 
5 -0.6784 0.2147 
6 0.17315 0.5753 
7 0.3145 0.1596 
8 0.1878 0.06965 
9 0.46838 0.6015 
10 0.17273 0.5023 












































Figure VII.2 Variability of estimated DDS linear model slopes across all the random splitting trials, 
with the scale gradient level on the x axis. Each panel is identified by the corresponding dataset ID, 
with βsor on the top (black; a), βsim in the centre (orange; b) and βnes on the bottom (green; c) (next 
pages). 
Figure VII.1 Median βSOR values across all the splitting trials (excluding the last one) vs βSOR from a 








































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table VII.1 Distance decay of similarity linear model coefficients from a single trial (used in the 
analysis) for each β metric; significant estimates are highlighted in bold (see also Figure 6.3). 
 
 βsor βsim βnes 
Dataset ID Scale level intercept slope intercept slope intercept slope 
1 
Grain 5.98E-01 1.85E-04 4.28E-01 2.51E-04 1.70E-01 -6.62E-05 
1/16 2.96E-01 2.66E-04 2.32E-01 2.45E-04 6.48E-02 2.04E-05 
1/8 1.80E-01 3.09E-04 1.62E-01 2.33E-04 1.78E-02 7.61E-05 
1/4 -3.13E-02 3.78E-04 -2.21E-02 2.82E-04 -9.15E-03 9.52E-05 
1/3 -8.70E-02 4.14E-04 -3.05E-02 2.46E-04 -5.65E-02 1.68E-04 
2 
Grain 4.25E-01 1.35E-04 3.42E-01 1.49E-04 8.34E-02 -1.39E-05 
1/16 1.65E-01 1.74E-04 1.41E-01 1.42E-04 2.40E-02 3.23E-05 
1/8 1.31E-01 1.84E-04 1.08E-01 1.58E-04 2.21E-02 2.52E-05 
1/4 1.80E-01 1.30E-04 2.13E-01 6.44E-05 -3.36E-02 6.50E-05 
1/3 1.50E-01 1.11E-04 2.15E-01 8.70E-06 -6.54E-02 1.03E-04 
3 
Grain 7.88E-01 5.72E-05 7.13E-01 7.65E-05 7.48E-02 -1.94E-05 
1/16 5.80E-01 8.31E-05 4.59E-01 1.05E-04 1.21E-01 -2.16E-05 
1/8 5.02E-01 6.54E-05 3.40E-01 8.68E-05 1.63E-01 -2.14E-05 
1/4 6.76E-01 -3.86E-05 3.70E-01 2.97E-05 3.06E-01 -6.83E-05 
1/3 9.92E-02 1.23E-04 -2.77E-01 2.31E-04 3.76E-01 -1.08E-04 
4 
Grain 3.84E-01 3.12E-04 2.67E-01 3.39E-04 1.17E-01 -2.71E-05 
1/16 2.47E-01 4.24E-04 1.21E-01 5.21E-04 1.26E-01 -9.61E-05 
1/8 2.18E-01 4.22E-04 1.13E-01 5.13E-04 1.06E-01 -9.00E-05 
1/4 7.57E-02 4.92E-04 -4.45E-03 6.10E-04 8.01E-02 -1.18E-04 
1/3 1.18E-01 4.30E-04 3.82E-02 5.76E-04 7.98E-02 -1.46E-04 
5 
Grain 3.75E-01 7.34E-04 2.57E-01 8.32E-04 1.18E-01 -9.78E-05 
1/16 1.84E-01 5.72E-04 1.31E-01 3.13E-04 5.25E-02 2.59E-04 
1/8 1.37E-01 4.12E-04 9.65E-02 2.50E-04 4.01E-02 1.62E-04 
1/4 6.58E-02 5.27E-04 1.00E-01 -3.52E-04 -3.46E-02 8.79E-04 
1/3 1.74E-01 -4.23E-04 9.85E-02 -2.28E-04 7.52E-02 -1.95E-04 
6 
Grain 7.19E-01 1.06E-04 6.34E-01 1.12E-04 8.53E-02 -6.38E-06 
1/16 2.38E-01 1.94E-04 1.90E-01 1.96E-04 4.75E-02 -1.19E-06 
1/8 2.12E-01 4.23E-05 1.35E-01 2.22E-04 7.64E-02 -1.80E-04 
1/4 9.42E-02 2.03E-04 -1.83E-02 4.81E-04 1.13E-01 -2.78E-04 
1/3 1.92E-01 -2.66E-04 1.43E-01 -1.72E-04 4.84E-02 -9.42E-05 
7 
Grain 8.03E-01 5.16E-05 7.10E-01 7.53E-05 9.36E-02 -2.37E-05 
1/16 6.54E-01 7.41E-05 5.65E-01 9.35E-05 8.90E-02 -1.94E-05 
1/8 5.68E-01 6.79E-05 5.20E-01 7.02E-05 4.74E-02 -2.36E-06 
1/4 4.85E-01 5.70E-05 4.64E-01 5.66E-05 2.14E-02 3.85E-07 
1/3 5.52E-01 3.68E-05 5.25E-01 3.75E-05 2.76E-02 -7.00E-07 
        
        
        
        





Grain 3.72E-01 2.69E-04 2.79E-01 3.08E-04 9.23E-02 -3.90E-05 
1/16 3.01E-01 1.74E-04 2.39E-01 1.85E-04 6.15E-02 -1.13E-05 
1/8 1.86E-01 2.25E-04 1.24E-01 2.73E-04 6.25E-02 -4.82E-05 
1/4 2.14E-01 -4.53E-05 1.52E-01 -4.57E-07 6.20E-02 -4.49E-05 
1/3 2.63E-01 -2.56E-04 1.46E-01 -1.63E-05 1.17E-01 -2.40E-04 
9 
Grain 7.30E-01 2.95E-04 6.41E-01 3.91E-04 8.88E-02 -9.59E-05 
1/16 4.11E-01 6.15E-04 3.17E-01 6.97E-04 9.40E-02 -8.18E-05 
1/8 3.98E-01 3.52E-04 3.06E-01 4.13E-04 9.17E-02 -6.07E-05 
1/4 2.43E-01 3.72E-04 2.00E-01 4.23E-04 4.35E-02 -5.15E-05 
1/3 1.20E-01 2.74E-04 1.10E-01 2.65E-04 1.02E-02 9.61E-06 
10 
Grain 7.58E-01 1.33E-04 6.87E-01 1.69E-04 7.10E-02 -3.61E-05 
1/16 3.44E-01 2.45E-04 3.07E-01 2.18E-04 3.70E-02 2.74E-05 
1/8 1.84E-01 1.87E-04 9.24E-02 2.00E-04 9.13E-02 -1.28E-05 
1/4 1.82E-01 1.23E-04 4.47E-02 1.90E-04 1.37E-01 -6.66E-05 
1/3 4.00E-01 -2.44E-04 3.81E-01 -2.89E-04 1.86E-02 4.48E-05 
11 
Grain 5.18E-01 1.13E-04 3.38E-01 1.37E-04 1.80E-01 -2.42E-05 
1/16 3.36E-01 1.54E-04 1.63E-01 2.07E-04 1.73E-01 -5.29E-05 
1/8 3.15E-01 5.97E-05 2.10E-01 5.16E-05 1.06E-01 8.06E-06 
1/4 4.20E-01 -1.87E-04 2.09E-01 -3.49E-05 2.11E-01 -1.52E-04 
1/3 2.90E-01 -8.53E-05 5.14E-02 8.96E-05 2.38E-01 -1.75E-04 
12 
Grain 8.38E-01 5.83E-05 7.70E-01 8.24E-05 6.80E-02 -2.42E-05 
1/16 4.02E-01 2.30E-04 2.71E-01 2.61E-04 1.32E-01 -3.11E-05 
1/8 2.51E-01 2.64E-04 5.46E-02 3.14E-04 1.97E-01 -5.05E-05 
1/4 1.36E-01 2.79E-04 -1.77E-01 3.87E-04 3.13E-01 -1.08E-04 





Table VII.2 Comparison of the DDS slopes and intercepts between the scaling levels, from the 
coefficients bootstrap distributions; significantly different comparisons are noted as ***. 
 Levels 
compared 
βsor βsim βnes 
ID slope intercept slope intercept slope intercept 
1 
Grain > 1/16 --- *** --- *** --- *** 
1/16 > 1/8 --- *** --- *** --- *** 
2 
Grain > 1/16 --- *** --- *** --- *** 
1/16 > 1/8 --- --- --- --- --- --- 
3 
Grain > 1/16 --- *** --- *** --- --- 
1/16 > 1/8 --- --- --- --- --- --- 
4 
Grain > 1/16 --- *** --- *** *** --- 
1/16 > 1/8 --- --- --- --- --- --- 
5 
Grain > 1/16 --- *** *** *** --- *** 
1/16 > 1/8 --- --- --- --- --- --- 
6 
Grain > 1/16 --- *** --- *** --- *** 
1/16 > 1/8 --- --- --- *** *** --- 
7 
Grain > 1/16 --- *** --- *** --- --- 
1/16 > 1/8 --- --- --- --- --- --- 
8 
Grain > 1/16 --- *** *** --- --- *** 
1/16 > 1/8 --- *** --- *** --- --- 
9 
Grain > 1/16 --- *** --- *** --- --- 
1/16 > 1/8 --- --- --- --- --- --- 
10 
Grain > 1/16 --- *** --- *** --- *** 
1/16 > 1/8 --- *** --- *** --- --- 
11 
Grain > 1/16 --- *** --- *** --- --- 
1/16 > 1/8 --- --- *** --- --- *** 
12 
Grain > 1/16 --- *** --- *** --- --- 
1/16 > 1/8 --- *** --- *** --- --- 
 
 
 
 
 
 
 
 
 
 
